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i. Abstract  
 
An appreciation for intraspecific variation is central to the study of evolutionary biology, 
however community ecologists have often assumed equivalence among conspecific 
organisms. In recent years, intraspecific genetic variation, particularly in plants, has 
received more attention, and has been linked to variation in plant-associated biotic 
assemblages and ecosystem function. However, in many cases, the phenotypic variation 
associated with influential genetic variation is unknown. In particular, which traits 
represent ecological filters that can shape assembly of associated biota is poorly understood 
for many plant species. The research presented here addresses this gap in knowledge 
through observational studies and experiments conducted using three focal plant species. I 
begin with a brief summary of relevant theory and the state of knowledge regarding the 
effect of plant traits on arthropod and microbial communities. In Chapter One, I ask how 
variation in alfalfa (Medicago sativa) affects the larval performance and oviposition 
preference of the Melissa blue butterfly (Lycaeides melissa), and if among patch variation 
in plant suitability can explain regional colonization patterns of alfalfa by the Melissa blue. 
In Chapter Two, I ask how intraspecific, and intra-individual variation among redwood 
trees (Sequoia sempervirens) can affect foliar fungal communities. In Chapter Three, I 
determine the relative influence of host-associated variation, abiotic conditions, and 
interspecific microbial interactions for shaping fungal endophyte communities in spotted 
locoweed (Astragalus lentiginosus). Finally, in Chapter Four, I return to alfalfa to ask 
which plant traits affect the diversity of arthropods and foliar fungi at small spatial scales. 
Each chapter provides evidence for the filtering effect of plant intraspecific variation on 
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associated biotic communities. I conclude with a brief statement regarding the benefits of 
considering intraspecific variation in studies of community ecology and, more generally, 
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Intraspecific variation is a necessary prerequisite for evolution, and, as such, an 
appreciation for the consequences of such variation is central to evolutionary biology 
(Darwin 1859, Mayr 1982, Fisher 1999). Community ecologists, however, have often 
neglected intraspecific variation in the development of theory, instead treating conspecifics 
as ecological equivalents (Bolnick et al. 2003). During the mid-twentieth century several 
theoreticians incorporated intraspecific variation into treatments of niche-breadth, and 
showed that intraspecific morphological variation led to an occupation of a larger niche and 
thus facilitated the maintenance of larger population sizes (Van Valen 1965, Roughgarden 
1972, 1974), however these contributions were undervalued until the rise of community 
genetics over the past several decades brought the importance of variation below the 
species level to the forefront of ecological thought (Whitham et al. 2003, Bailey et al. 2005, 
Crutsinger et al. 2006, Crutsinger 2016). Since then, many studies have demonstrated the 
importance of intraspecific genetic variation, particularly in dominant plants, for assembly 
of associated communities (Bailey et al. 2005, Barbour et al. 2015, Slinn et al. 2017), and 
ecosystem processes, such as nutrient cycling (Treseder and Vitousek 2001, Whitham et al. 
2003) or annual primary production (Crutsinger et al. 2006).  
These empirical advances have led several authors to champion the inclusion of 
intraspecific variation into community ecology theory (Bolnick et al. 2003, 2011, Violle et 
al. 2012). Violle et al. (2012) for example, suggest that models of community assembly that 
predict community membership via comparison of mean trait values among taxa will 
underestimate local richness. This is because limiting similarity would be invoked for taxa 
which have similar mean trait values, and, consequently only one taxon would be predicted 
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to persist within a particular community (Macarthur and Levins 1967). However, if the 
niche encompassed by a taxon is represented as a distribution, the parameters of which are 
defined by trait values of individual organisms, organisms at either extreme of this 
distribution have quite different niches. Consequently, a community could include 
members of two (or more) taxa with similar mean trait values as long as some individuals 
within these taxa have sufficiently different trait values to avoid competitive exclusion. In 
this scenario community richness will increase with increasing intraspecific variation. In 
other work, these authors have also argued that intraspecific trait variation could also 
represent differences among organisms in the ability to pass through ecological filters 
(Jung et al. 2010), which again suggests that intraspecific variation can facilitate local 
community richness.  
Ecological filters are characteristics associated with a locality that preclude some 
members of a regional species pool from existing at that locality (Keddy 1992). For 
instance, if a plant species is not able to persist on localized, edaphic conditions due to 
physiological limitations, then those conditions represent ecological filters that exclude that 
plant species from the local assemblage. An example is the inability of Bromus tectorum or 
Artemisia tridentata to grow on altered andesite soils in the Great Basin Desert (DeLucia et 
al. 1989). Ecological filters do not have to be abiotic in origin. Invasion of a community 
can be reduced, or precluded, due to interactions with existing community members, or 
biotically-imposed conditions characteristic of that locality. For example, many pioneering 
plant species cannot grow in the shade of a forest with a dense understory (Clements 1916, 
George and Bazzaz 1999).  
	 3	
Ecological filters as determinants of local assemblages have been particularly important in 
the field of microbial ecology. The Baas Becking-Martinus Beijerinck hypothesis famously 
states, “everything is everywhere, but the environment selects” to mean that microbes are 
typically not dispersal limited, but community membership is instead defined by the ability 
to pass through ecological filters (O’Malley 2007). This view still permeates the study of 
microbial biogeography, but more recent studies have shown that microbes can experience 
dispersal limitation, and that priority effects as well as ecological drift can influence 
microbial community assembly as well (Hanson et al. 2012, Nemergut et al. 2013).  
The ability to pass through ecological filters is typically studied via interspecific 
comparisons while neglecting the consequences of variation below the species level. 
However, an intraspecific perspective facilitates more realistic understanding of the rules 
governing local community membership (Jung et al. 2010). For example, plants can impose 
ecological filters that shape associated biota, and these filters can often vary at the 
intraspecific level (Thompson 2005, Siefert et al. 2015). In Chapter 1, my co-authors and I 
demonstrate the existence of this phenomenon for interactions between naturalized alfalfa 
(Medicago sativa) and the Melissa blue butterfly (Lycaeides melissa). We report that some 
alfalfa populations are nearly fatal to the Melissa blue, while other populations sustain 
larval growth and are colonized with persistent butterfly populations. Another example 
involves the wild parsnip (Pastinaca sativa), which produces furanocoumarins which can 
crosslink DNA, thereby rendering the plant inedible to most herbivorous arthropods. 
Interestingly, Berenbaum and Zangerl (1998) showed that wild parsnip plant populations 
differed in concentrations of furanocoumarins, and that these populations were colonized 
by parsnip webworm moths which differed in their ability to metabolize these compounds. 
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Moths with heightened ability to metabolize furanocoumarins were found on the plants 
with highest furanocoumarin concentrations, whereas moths with reduced detoxification 
ability occurred on plant populations with lower furanocoumarin concentrations. This 
phenotypic matching demonstrates the importance of intraspecific variation in both 
producers, and consumers, regarding the ability to pass through, or impose ecological 
filters.  
These examples illustrate the potential importance of intraspecific trait variation 
(ITV) in plants for associated arthropods at the regional scale. One might imagine that the 
consequences of ITV would be greatest when making comparisons among populations, and 
that comparatively little ITV may exist within plant populations. However, a recent meta-
analysis showed that, on average, a quarter of the variation in many plant traits within 
communities is intraspecific, while approximately 32% of the variation among 
communities is intraspecific (Siefert et al. 2015). This suggests that for many taxa the 
influence of intraspecific variation in plant traits should be apparent at multiple spatial 
scales.  
Given the staggering number of plant traits that can affect consumers, it is 
logistically difficult to study the consequences of ITV. For example, variation in arthropod 
assemblages has been linked to ITV in general plant condition (the plant-vigor and stress 
hypotheses; White 1984, 2009, Price 1991) and phenological state, structural traits, 
variation in defensive metabolites, nutrient profiles, or immune response, among other 
traits (Strong et al. 1984, Lewinsohn et al. 2005, Carmona et al. 2011, Agrawal and Weber 
2015). Given that many of these traits covary (Johnson et al. 2009), and can interact in 
complex ways, disentangling the relative importance of each trait for associated biota is a 
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challenge requiring data-intensive sampling methodologies paired with modern analytical 
tools.    
Moreover, relatively few studies have examined the consequences of plant trait 
variation, either at the inter- or intraspecific level, on plant associated microbes (Kembel 
and Mueller 2014, Kembel et al. 2014). Since all plants are associated with numerous fungi 
and bacteria which play critical ecological roles (Ryan et al. 2008, Rodriguez et al. 2009, 
Kivlin et al. 2011, Laforest-Lapointe et al. 2016), this represents a pressing gap in 
knowledge that I address in Chapters, 2, 3, and 4. In Chapter 2, I describe how foliar fungal 
assemblages vary by height within the crowns of redwood trees (Sequoia sempervirens). In 
Chapter 3, I ask how plant phenotypic and genetic variation, abiotic filters, and interactions 
with a dominant, heritable fungus shape fungal endophyte communities in spotted 
locoweed (Astragalus lentiginosus). Finally, in Chapter 4, I predict variation in foliar 
fungal and arthropod assemblages at small spatial scales in alfalfa (Medicago sativa) as a 
function of 770 plant traits, including 753 phytochemical Mass Spectometry (MS) features.  
When taken together, these four chapters encompass several different approaches to 
demonstrating the importance of ITV for community assembly, including an experiment in 
Chapter 1, and observational studies at multiple spatial scales and of three different focal 
taxa in Chapters 2–4. These complimentary approaches have allowed me to test the 
hypothesis that intraspecific variation in plant traits represent ecological filters that shape 
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ABSTRACT 
From the perspective of an herbivorous insect, conspecific host plants are not identical, and 
intraspecific variation in host nutritional quality or defensive capacity might mediate 
spatially variable outcomes in plant-insect interactions. Here we explore this possibility in 
the context of an ongoing host breadth expansion of a native butterfly (the Melissa blue, 
Lycaeides melissa) onto an exotic host plant (alfalfa, Medicago sativa). We examine 
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variation among seven alfalfa populations that differed in terms of colonization by L. 
melissa; specifically, we examined variation in phytochemistry, foliar protein, and plant 
population genetic structure, as well as responses of caterpillars and adult butterflies to 
foliage from the same populations. Regional patterns of alfalfa colonization by L. melissa 
were well predicted by phytochemical variation, and colonized patches of alfalfa showed a 
similar level of inter-individual phytochemical diversity. However, phytochemical 
variation was a poor predictor of larval performance, despite the fact that survival and 
weight gain differed dramatically among caterpillars reared on plants from different alfalfa 
populations. Moreover, we observed a mismatch between alfalfa supporting the best larval 
performance and alfalfa favored by ovipositing females. Thus, the axes of plant variation 
that mediate interactions with L. melissa depend upon herbivore life history stage, which 
raises important issues for our understanding of adaptation to novel resources by an 
organism with a complex life history. 
 
INTRODUCTION 
Dietary niche breadth, or the number and type of resources consumed by an organism, 
drives numerous ecological and evolutionary processes, from mediating the coexistence of 
competitors [1, 2] to predicting geographical range size [3]. Herbivorous insects are useful 
in the study of dietary niche breadth because their lives are often so closely tied to their 
host plants that any change in diet can affect multiple aspects of the insect’s life history [4, 
5, 6]. Moreover, associations between insects and their host plants are labile across time 
and space, and we would like to understand the causes and consequences of changes in host 
breadth [7, 8, 9, 10, 11, 12].  
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Dietary niche breadth of herbivorous insects is necessarily dependent on host plant 
variation, the importance of which has typically been explored in a comparative fashion 
across plant taxa. This comparative work has laid the foundations of plant defense theory 
and has generated many hypotheses for how and why insects use a particular plant species 
(e.g. physiological efficiency [5, 13], neural limitation [14], and enemy-free space [15]). 
From the perspective of an herbivorous insect, however, conspecific host individuals are 
not identical, and intraspecific variation in plant phytochemistry or nutrition might, in some 
cases, influence insect behavior and fitness as much as interspecific variation (reviewed in 
[16, 17, 18, 19]. The utility of studying intraspecific variation has been made clear by the 
rise of community genetic studies, which have demonstrated the importance of plant 
genetic variation for arthropod community assembly [e.g. 20, 21, 22, 23]. Variation in 
phytochemistry or nutritional quality among conspecific hosts has also been linked to 
arthropod community assembly [e.g. 24, 25, 26], but studies linking intraspecific host 
variation to arthropod behavior or performance are still uncommon compared to studies 
that focus on interspecific differences among plant taxa [27, 28, 29]. Here we explore the 
consequences of intraspecific host variation in the context of an ongoing expansion of 
dietary niche breadth using the butterfly Lycaeides melissa and its introduced host, alfalfa 
(Medicago sativa). 
 L. melissa is a widespread butterfly in western North America, where it feeds on 
Fabaceous plants (the pea family). Within the last 200 years, L. melissa has expanded its 
host range to include the non-native legume alfalfa [30]. L. melissa is most often found in 
association with alfalfa in disturbed areas, such as along roadsides and fallow fields. 
Alfalfa is a poor resource for caterpillars, leading to the development of adults that are up 
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to 70% smaller than those reared on native hosts [31]. The poor quality of alfalfa can be at 
least partially mitigated by the presence of mutualistic ants [32], which deter enemies, and 
by flowering phenology, as flowers are a better larval food source than leaves [31]. The use 
of alfalfa by L. melissa in the wild is heterogeneous, with a majority of alfalfa populations 
in a region being unoccupied, at least in the arid Great Basin of western North America. 
Local adaptation by L. melissa to alfalfa has been detected [33], and differences among 
alfalfa-associated populations of L. melissa have been observed in larval performance [34] 
and adult preference [35]. However, in contrast to these studies demonstrating inter-
population variation in butterflies, variation among alfalfa populations, and its importance 
to butterflies, has not been studied. 
Cultivars of M. sativa are typically genetically diverse, because of the numerous 
parents utilized during the cultivar breeding process, and because desirable plant traits are 
negatively affected by inbreeding [e.g. 36] This genetic variation underlies differences in 
plant traits among cultivars [37] including foliar protein [38], phytochemistry (e.g. saponin 
concentrations [39,40]), and pest resistance [e.g. 41, 42, 43, 44]. Given this phenotypic and 
genetic variation among cultivated alfalfa, it is reasonable to expect variation in 
phytochemistry and foliar protein among patches of wild alfalfa utilized by L. melissa.  
Here we characterize variation in herbivore performance and behavior in response to 
different host populations with the goal of understanding how performance and behavior 
might be predicted by host plant traits. To do so, we examined seven alfalfa populations 
with a known history of L. melissa presence or absence (Fig. 1). Six of these alfalfa 
populations are located within the geographic range of L. melissa, and the seventh is 
beyond the western range limit, in the Central Valley of California. We chose alfalfa 
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populations differing in terms of L. melissa presence, because we hypothesized that 
occupancy patterns might be indicative of underlying variation in plant defense or nutrition, 
and thus these populations could provide insight into aspects of host variation that are most 
important for L. melissa. We characterize intraspecific plant variation in terms of nutrition 
(measured as protein content) and phytochemistry. Additionally, given the likelihood of 
genetic variation among these focal alfalfa populations, we describe population genetic 
structure both to understand the degree of variation present within and among focal 
populations, and to explore the potential link between genetic differentiation and 
phytochemical divergence. We use these data to ask to what extent alfalfa populations 
differ in their effect on L. melissa larval performance and oviposition preference, and to 
what extent any observed differences (in performance or preference) can be explained by 
variation in host phytochemistry, protein content, or population genetic structure. Finally, 
we explore correlations between population genetic structure (of alfalfa), phytochemistry, 
and protein content, and discuss how observed patterns of intraspecific plant variation and 
herbivore responses might underlie historical patterns of L. melissa occupancy in alfalfa 
patches.  
METHODS 
Seven populations of alfalfa (Medicago sativa) from northwestern Nevada and California 
(Fig. 1, S1 Table) were chosen, all occurring in disturbed areas, primarily along roadsides. 
Alfalfa populations differed in utilization by Lycaeides melissa, with some populations 
having no record of colonization and others having continuous presence of L. melissa for 
over a decade (MLF pers. observation). Recent absence of L. melissa at uncolonized 
populations was confirmed through observations conducted during the flight window 
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(several trips to each site were made annually during the spring and summer months, May–
August) from 2010–2013. Colonized alfalfa populations were located at Beckwourth Pass, 
CA (BWP); Verdi, NV (VUH); and Gardnerville, NV (GVL). Uncolonized populations 
(prefixed by the letter A) were located in west Reno, NV (AWFS); Fallon, NV (AFAL); 
and in the Central Valley of California north of Davis, CA (APLL). No permits were 
needed for the collection of alfalfa or L. melissa at these locations. Host use by L. melissa 
on alfalfa at Star Creek Canyon, NV (SCC) is probable but unconfirmed: most L. melissa 
individuals at this location were found near the native Lupinus argenteus, but individuals 
have also been observed in the vicinity of a small patch of roadside alfalfa. A single alfalfa 
population (APLL) extra-limital to the range of L. melissa was included in this study as a 
potential contrast to the northwestern Nevada populations. APLL is located approximately 
100 miles from VUH, the closest Nevada population, on the other side of the Sierra Nevada 
mountain range (Fig. 1). Plant foliage used for preference and performance assays was 
haphazardly collected from plants located throughout each focal alfalfa population 
(approximately 15 plants were sampled during each tissue collection event; only mature 
plants were sampled, avoiding seedlings). Because the presence of flowers may influence 
butterfly preference and larval performance, only foliar tissue was used in preference and 
performance assays. All alfalfa populations surveyed were roughly equivalent in terms of 
phenology (a majority of individuals were flowering whenever foliage was collected). 
Larval performance assay 
Caterpillars used for the performance assay were obtained from eggs laid in July 2013 by 
females taken from Silver Lake, NV (SLA, Fig. 1). These females utilize Astragalus 
canadensis (Fabaceae). Alfalfa does not occur at Silver Lake, and because L. melissa tend 
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to be very localized in their movements [45], the females collected were unlikely to have 
previously encountered alfalfa. Females were placed in oviposition arenas (described 
below) containing only A. canadensis, and eggs were collected after two days and pooled. 
Within hours of hatching, caterpillars were placed singly in 20 x 90 mm petri dishes 
containing alfalfa from one of the seven source populations (Fig. 1). Caterpillars were kept 
under lamps at room temperature (approximately 20º–23º C) and allowed to eat ad libitum, 
with leaves replaced at the first sign of wilting. Approximately sixty larvae were reared on 
each alfalfa population (n = 61 to 63, depending on the population). Given the geographic 
distances separating alfalfa locations, it was not logistically feasible to keep all caterpillars 
supplied with sufficient fresh foliage to complete development. Therefore, most caterpillars 
were sacrificed at 14 days (after recording mass and survival), approximately halfway 
between egg hatch and adult eclosion. Caterpillars being fed alfalfa from three locations 
(VUH, AWFS, and APPL) were reared to adults, then sexed and weighed. These three 
locations were chosen because two of them (VUH and AWFS) are close to each other (~8.5 
km apart) and close to the research laboratory at the University of Nevada, Reno, and initial 
results (after 14 days) from the third (APPL; which was extralimital to the range of L. 
melissa) suggested that it was potentially an informative, extreme contrast to the other two 
populations. All mass measurements were taken with a Mettler-Toledo XP26 microbalance 
to the nearest microgram. 
Oviposition preference assay 
Oviposition preference of adult female butterflies was assayed as per [35], with females 
taken from either Silver Lake, NV (SLA) or Verdi, NV (VUH). As mentioned above, 
females from SLA are very unlikely to have encountered M. sativa prior to capture. Female 
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L. melissa from VUH use alfalfa, and no known native host plants occur at this location. 
Females were placed in oviposition arenas containing alfalfa foliage from two out of the 
three sources that were used in the full-development rearing described above; specifically, 
either AWFS and APLL, or AWFS and VUH were paired in each oviposition arena. As a 
negative control, leaves from Lotus nevadensis were also included in each arena. L. 
nevadensis is a Fabaceous plant that L. melissa does not consume in the wild, but can 
subsist upon [34] L. nevadensis was collected near Yuba Gap, CA. These choice tests using 
wild-caught females are efficient and effective: they provide results that are similar to no-
choice tests, and similar to results from lab-reared females [31]. Tests were conducted 
using plastic cups (12 cm x 9.5 cm) as oviposition arenas, with each cup containing three 
different branches (one branch each from the two alfalfa populations being compared, and 
the negative control) that the female could choose between. Branch stems protruded from 
small holes in the bottom of each cup. A second cup was filled with water and placed 
underneath the branch-containing cup, with stems submerged in water. Female butterflies 
were sealed inside these cups with fine mesh, and mesh was misted every two to four hours 
with tap water from 10 a.m. to 5 p.m. and swabbed with fruit punch Gatorade® twice daily 
as a nectar substitute [35]. Oviposition arenas were kept outside in dappled shade on the 
University of Nevada, Reno campus at ambient temperature (approximately 20º–30º C). 
Assays were conducted from August 19, 2013 through September 5, 2013. After 48 hours 
within the arena, females were removed and the number of eggs laid on each plant was 
counted.  
Analyses of preference and performance data 
Preference data were analyzed in a hierarchical Bayesian framework using the bayesPref 
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package [46] in the R computing environment [47]. In contrast to a frequentist analysis of 
preference data that provides information regarding the rejection of a null of no difference 
in preference, this approach estimates preference for each of the different hosts (along with 
95% equal-tail probability intervals [ETPIs]). Models employ a Markov chain Monte Carlo 
(MCMC) approach to characterize posterior probability distributions describing female 
preference for a plant at two hierarchies, that of the individual and the population (from 
which the female was drawn). For a full description of the form of the likelihood function 
and conditional priors for individual preference see [46]. Models were run for 20,000 
MCMC iterations, with a 5,000 iteration burn-in, and output was examined to ensure 
adequate mixing. Larval survival was also analyzed with this methodology using counts of 
surviving individuals on different alfalfa sources as data (5,000 iterations with 1,000 
iteration burn-in). This allowed us to estimate the probability of survival on a particular 
alfalfa source (in the same way preference for a particular alfalfa source is modeled with 
counts of eggs from preference experiments). Means of samples characterizing posterior 
distributions were used as point estimates for population level preference or survival. 
ETPIs of posterior probability distributions were examined for overlap in a pairwise 
fashion to determine differences in preference and survival among alfalfa populations. If 
ETPIs did not overlap for a given pairwise comparison, then preference or survival was 
inferred to differ between alfalfa populations. Finally, a Bayesian analysis of variance was 
used to determine differences in larval weight between populations [as per 48]. Deflections 
from the mean for each population were sampled from normal distributions with a mean of 
zero and precisions were independently modeled for each population from folded t 
distributions (µ = 0, τ = 0.001). The grand mean was modeled from a normal distribution 
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centered at zero with precision 0.001. Within-group variation was modeled independently 
to account for non-homogeneous variances among groups by sampling from a gamma 
distribution with shape and rate parameters of one. The model was run for 1,000,000 
MCMC iterations divided between three chains with a burn-in of 5,000 iterations and a 
thinning rate of 1/100. ETPIs of posterior probability distributions of mean larval mass 
estimates were examined for overlap among populations as described above. 
Phytochemical analysis 
 Foliar tissue from 19–20 individuals from each alfalfa population was collected in 
late August 2013 (while larval performance experiments were ongoing), stored in paper 
bags, and frozen at -20º C until extraction. Plants selected were mature and collected 
haphazardly from throughout each population; the newest growth was avoided in 
phytochemical analyses. Approximately 150 mg of foliar tissue was extracted twice using a 
70% meOH solution followed by 20 minutes of sonication. Samples were dried under 
reduced pressure, resuspended in 1 ml meOH, and passed through a 0.45 µm filter into an 
autosampler vial for high-performance liquid chromatography (HPLC) analysis. HPLC 
analyses were performed using a Waters Alliance HPLC system with a 2996 diode array 
detector and Empower Pro Software. Each injection was 10 µl eluted on a gradient (90:10 
(water:acetonitrile), reaching 60:40 at 40 minutes and 5:95 at 60 minutes) at the rate of 1 
ml/min on a Symmetry© C-18 reverse phase column (3.5 µm, 4.6 x 75 mm) (Waters 
Corp.). Phytochemical variation was characterized by retention time and UV absorbance 
between 230 and 400 nm. This restricted our characterization of compounds to those 
recoverable by our extraction and HPLC protocol, and those with chromophores for UV 
absorption (usually those with double bonds), thereby providing a fingerprint of plant 
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phytochemistry based on anonymous compounds. Many saponins (which are compounds 
known to occur within M. sativa) do not possess chromophores and consequently our 
method is not sensitive to these compounds. However, there are some saponins detectable 
via UV spectroscopy; additionally, our method should recover members of many other 
compound classes reported from M. sativa including flavonoids [49] and phytoestrogens 
[50]. Data were standardized by dry weight and Hellinger-transformed. This transformation 
is recommended prior to ordination of datasets containing many zeros, as was the case for 
our data [51]. Spectral data for all samples were ordinated using non-metric 
multidimensional scaling (NMDS) on a Manhattan distance matrix created using the vegan 
package in R (version 2.2 [52]). Examination of stress scree plots showed that an 
ordination across five dimensions provided the best compromise between stress reduction 
and complexity (with stress at 10.5). Linear discriminant analysis (LDA) was also 
employed using the MASS package (version 7.3 [53]) in R to explore phytochemical 
differences among alfalfa populations. LDA seeks to find the linear combination of 
predictor variables that best separate data by group, based on a pre-defined set of groups. 
We employed this approach to determine if phytochemical differences among alfalfa 
populations could predict L. melissa colonization of those populations. Also, we tested if 
observed phytochemical differences among populations could predict concomitant 
variation in larval performance. To test if phytochemistry could predict L. melissa 
occupancy of an alfalfa population we first constructed a model trained using a randomly 
selected subset of the phytochemistry data (n = 90, for each iteration), and examined how 
well this model could correctly assign colonization status to validation data (n = 45, for 
each iteration). This process was repeated 10,000 times and the proportion of correct 
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assignments was extracted at each iteration and tabulated. The mean of this vector of 
results was used as an estimate of model success. For this analysis we only used data for 
the 28 compounds that occurred across all alfalfa populations, as linear separation often 
occurred when using the whole dataset that included many rare compounds. We used 
Monte Carlo simulations to confirm that the results of the LDA would not be expected 
given a random distribution of chemotypes among populations, or a random distribution of 
compound concentrations among individuals (see S1 Appendix for details [54]). 
Exploring phytochemical diversity 
 Phytochemical variation within and between alfalfa populations was also examined 
using the complexity-as-diversity approach as described by [55]. This approach extends the 
use of numbers equivalents [56, 57] to phenotypic complexity using (Eq. 1 in [57]) 
 where the diversity (qD) represents the effective number of distinct 
phenotypes in a group, the diversity order q influences how sensitive D is to rare 
compounds, and p is the proportion of the data composed of the i-th compound (out of s 
total compounds). When q = 0, all compounds are weighted equally (i.e., chemical 
richness). When q = 1, compounds are weighted by their relative abundance. As q 
increases, the relative importance of rare compounds is reduced. Diversity profile plots 
across orders of q were used to assess the importance of rare and common compounds in 
determining the number of distinct chemical phenotypes (see [55]). This approach was 
taken at three nested hierarchical levels: plant, population, and global. At the within-
population level, b-diversity is the effective number of distinct chemical phenotypes among 















number of distinct chemical phenotypes among populations. Diversity equivalencies were 
calculated using the vegetarian and hierDiversity packages in R [58, 59]. Finally, 
phytochemical covariance matrices were constructed using data specific to each population. 
These matrices were correlated with site-specific genetic covariance matrices (described 
below) and the significance of correlations was tested with Mantel tests (1,000 
permutations; vegan package in R) to determine the extent to which differences between 
plant genotypes could explain phytochemical differences between those same individuals.  
Foliar tissue total protein determination 
 A Bradford assay [60] was used to ascertain the protein content of foliar tissue taken 
from the plants used in the phytochemistry assay (the same 19–20 individuals per 
population). See supplemental methods for a full description of protocol used (S1 
Appendix). Prior to statistical analyses, absorbency data were standardized by sample 
mass. Site-specific distance matrices (Euclidean) of absorbencies were correlated with 
genetic and phytochemical distance matrices to test for relationships between these three 
axes of host variation at each alfalfa population (significance of correlations was 
determined using Mantel tests). 
Alfalfa population genetics 
DNA was isolated and purified from desiccated (oven dried) leaf tissue sampled from 132 
alfalfa plants using Qiagen's DNAeasy 96 Plant Kit (Qiagen Inc.). DNA was taken from the 
plants used in the phytochemistry and protein assays described above, however, DNA was 
only taken from individuals belonging to five of our seven focal populations. DNA was not 
successfully extracted from APLL and BWP samples; insufficient yield in these cases 
likely resulted from compromised DNA quality associated with drying. We generated DNA 
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fragment libraries for genotyping-by-sequencing using our established protocol [61, 62, 
63]. For details of our library preparation, sequencing, and bioinformatics protocol see 
supplemental methods. Briefly, genomic DNA was first enzymatically digested with the 
restriction enzymes EcoRI and MseI and double-stranded adaptor oligonucleotides ligated 
onto the digested DNA fragments. These adaptors included 8–10 base pair (bp) barcode 
sequences that were used to match sequences to individual plants. Fragment libraries were 
amplified using PCR and size-selected to fragments 250 and 350 bps in length using a 
BluePippin (Sage Science). Libraries were sequenced on an Illumina HiSeq 2500 (one lane, 
1 x 100 bp reads) at the University of Texas Genome Sequence and Analysis Facility.  
Sequences were aligned (236 million DNA sequences total) to a draft genome that we 
generated from the diploid progenitor of alfalfa (total scaffold length = 673 Mbp, N50 
scaffold size = 37 kbp, number of scaffolds = 41319; we will more fully describe this 
genome sequence in a future publication, [64]). We then used the Unified Genotyper in 
GATK [65] to identify variable nucleotide positions and calculate genotype likelihoods for 
each individual and variable position (this is a Bayesian genotype and variant caller). We 
assumed a ploidy of four as alfalfa is a tetraploid. We set the minimum base quality to 20 
and set the prior expectation for heterozygosity to 0.001. A custom Perl script was then 
used to filter the initial set of variants to those that met our quality criteria (see 
supplemental methods). Seventy-one plants (five populations) and 16,920 single nucleotide 
variants (SNVs) were retained for population genetic analysis. We estimated the posterior 
probabilities of each genotype for each individual at each locus using a Bayesian approach. 
To do this we took the genotype likelihoods from GATK and multiplied them by the prior 
probabilities of each genotype assuming Hardy-Weinberg genotype frequencies and a 
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maximum likelihood estimate of global non-reference allele frequency, which was also 
obtained using GATK. We then took the mean of the posterior distribution for each locus 
and individual as the genotype estimate for downstream analysis (this value is between zero 
and four, is not constrained to be an integer, and is an estimate of the number of non-
reference allele copies at a locus). This general approach, which has been used previously 
[e.g. 33, 63] allowed us to make better use of the information in low to moderate coverage 
population genomic data than if we had simply called genotypes directly from the sequence 
data for each individual.  
We used several methods to quantify and summarize patterns of genetic variation 
within and among populations. We generated a genetic covariance matrix where each 
element in the matrix measured the genetic similarity (covariance in genotypes) for a pair 
of individuals. We then used principal components analysis (PCA) to visualize patterns of 
genetic similarity based on this matrix. Next, to quantify genetic variation within 
populations, we calculated the average genetic variance (1 - [p2 + (1 - p)2]) and the variance 
in PC 1 and 2 scores. Genome-average pairwise and global Fst values were then estimated 
from the sample allele frequencies to assess the extent of population genetic structure. 
Finally, we tested for a positive correlation between genome-average Fst and the 
geographic distance between pairs of populations to determine whether alfalfa showed 
signs of isolation-by-distance (a Mantel test with 1,000 permutations was used to test 
whether the observed correlation was significantly different from zero at α = 0.05).  
RESULTS 
Larval performance  
A total of 434 caterpillars were fed alfalfa from seven different alfalfa source locations. 
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Survival in the first half of development was quite variable across populations, ranging 
from less than 50% to greater than 80% (Fig. 2a). Interestingly, the alfalfa source (APLL) 
conferring the lowest larval survival in the first 14 days supported the highest survival 
(among a subset of three alfalfa sources) across the entire course of development (Fig. 2b). 
Mass was also variable among treatment groups (Fig. 2c), with individuals consuming 
alfalfa from two of the sources (AFAL and APLL) being two or more times greater in mass 
than the individuals reared on the other alfalfa sources. The consumption of APLL alfalfa 
was associated with the largest butterflies at the end of development (Fig. 2d), and fastest 
time to eclosion as compared with VUH and AWFS alfalfa (Wilcoxon rank sum test, p < 
0.01) (S1 Figure). 
Oviposition preference  
We challenged females presumed naïve to alfalfa (females were from SLA, where alfalfa is 
not known to occur) and females associated in the wild with alfalfa (from VUH) with 
plants from either VUH and AWFS, or from AWFS and APLL, the three alfalfa sources 
used in extended larval rearing (see S2 Table for the number of females assayed and other 
details). Females from SLA showed greater preference for AWFS alfalfa in both trials, 
compared to APLL and VUH alfalfa and the negative control (Fig. 3a and 3b). The 
behavior of alfalfa-associated females (from VUH) was more complex: they discriminated 
between AWFS and APLL (Fig. 3c), but then preferred alfalfa from their home location 
when given a choice between VUH and AWFS (Fig. 3d). In one of the experiments (VUH 
females choosing between AWFS and APLL; Fig. 3c), the negative control received more 
eggs than one of the alfalfa sources (APLL). This willingness to lay eggs on the negative 
control is consistent with behavior previously observed in females from this area [35]. 
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Protein content 
Variation in total protein content was observed among surveyed alfalfa populations 
(Kruskal-Wallis test, χ2 = 17.7, df = 6, p < 0.01; a rank-based test was used because of non-
normality of data) (Fig. 4a). Plants from VUH and AFAL had significantly higher protein 
content compared with those from GVL (post-hoc multiple comparison test after Kruskal-
Wallis, p £ 0.05). We failed to detect a significant correlation between protein content at 
the population level and larval weight gain or survival: Spearman’s rank correlation, rho = 
0.61, p = 0.16, and rho= -0.75, p = 0.07, for weight gain and survival respectively (Fig. 4b 
& c). Neither did we detect significant correlations between distance matrices of protein 
content, phytochemistry, or genetic covariance (S3 Table).  
Phytochemistry 
Our HPLC protocol resulted in data for 49 compounds. Of these, 28 compounds occurred 
in all alfalfa populations, five occurred only in populations colonized by L. melissa, and 
two occurred only in uncolonized populations. Consequently, phytochemical a-diversity 
was very similar across populations (S2 Figure). Calculation of phytochemical b-diversity 
across all populations suggested few distinct chemical phenotypes were present (~1.2 
chemotypes; S2 Figure). However, when grouping populations in terms of L. melissa 
colonization, we found that colonized populations exhibited less among-population 
chemical heterogeneity (Fig 5a), but had similar levels of within-population phytochemical 
heterogeneity, which also tended to be higher than in uncolonized populations (Fig. 5b). 
AFAL was an exception to this pattern, as it exhibited high within-population 
phytochemical variation, but was uncolonized by L. melissa (Fig 5b). NMDS ordination 
suggested considerable overlap in phytochemistry among populations (Fig. 5c, S3 Figure). 
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However, LDA demonstrated that important phytochemical variation among populations 
did exist. Indeed, phytochemical differences between colonized and uncolonized 
populations allowed for near complete separation by LDA (Fig. 5d). This result held both 
when analyzing data for all 49 compounds, and when analysis was limited to those 
compounds occurring at all alfalfa populations (28 compounds) (S4 Figure). When limiting 
the analysis to compounds occurring at all populations, the mean estimate of the ability of 
LDA to successfully predict colonization status was 67% (95% confidence intervals: 53%–
80%). The predictive ability of the LDA was confirmed by comparison to output of 
simulated null models (see S1 Appendix). LDA also demonstrated differences in 
phytochemistry among all seven populations (S5 Figure). For this analysis, the top four 
functions output by LDA provided 28.4%, 21.2%, 18.1%, and 15.7% separation 
respectively (S5 Figure). However, while providing good separation of alfalfa populations 
in terms of phytochemistry, these discriminant functions did not predict larval performance 
(S5 Figure). Finally, we found little correlation between our measures of genetic and 
phytochemical variation among individual plants. Genetic covariance and phytochemical 
covariance were not correlated at any population, save for a weakly-positive signal at GVL 
(Mantel tests, S4 Table).  
Population structure 
A total of 16,920 single nucleotide variants were identified and used to construct a genetic 
covariance matrix, which was analyzed via PCA. PCs 1 and 2 explained 16.2% and 5.3% 
of the variation in pairwise genetic similarities among individuals (Fig. 5e). VUH and GVL 
differed most with respect to PC1, whereas PC2 separated these populations from AWFS. 
The AWFS population was notably more variable with respect to both PC1 (var = 0.011) 
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and PC2 (var = 0.0052) scores (var PC1: AFAL = 0.003, GVL = 0.006, SCC = 0.005, VUH 
= 0.008; var PC2: AFAL < 0.0001, GVL = 0.0008, SCC = 0.0004, VUH = 0.0011). All 
five populations exhibited similar levels of genetic variance (0.27–0.29). Overall, little 
genetic variation was partitioned among populations (global Fst = 0.020, 95% bootstrap 
CIs 0.020–0.021). However, population pairs varied in the degree to which they differed 
from each other (mean pairwise Fst = 0.013, minimum = 0.008, maximum = 0.019) (S5 
Table). Finally, we found no evidence that genetic differences were greater between more 
geographically distant populations (Mantel r = -0.463, p = 0.95).  
DISCUSSION 
For any pair of interacting organisms, the strength, and even the occurrence, of the 
interaction tends to be variable across the geographic ranges of the interacting species [66, 
67]. Understanding this heterogeneity is important for predicting the ecological and 
evolutionary consequences of the interaction, but requires detailed empirical work on intra-
specific variation that has not been performed for a great many pairs of interacting plants 
and insects in the wild (for examples of such work see [27, 68, 69, 70, 71, 72]). Here we 
examined a system in which the herbivore (L. melissa) has been well characterized for 
intra-specific variation in numerous traits but the plant had previously been treated as a 
single entity (i.e. without accounting for inter-population differences). We found inter-
population differences with respect to three axes of plant variation (nutrition, 
phytochemistry, and genetic variation) that affect L. melissa. The plant traits of largest 
effect to L. melissa were not the same for adults and juveniles, which adds complexity to 
the task of predicting the outcome of this novel plant-insect interaction. 
Not only did plant effects differ between adults and larvae, but there was also a 
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reversal of relative host quality when comparing early instar survival with survival to 
adulthood. Alfalfa obtained from VUH supported higher larval survival for the first two 
weeks (>60% survival, Fig. 2a) compared with alfalfa from APLL, which supported the 
worst larval survival over the same time period (<50% survival, Fig. 2a). Conversely, when 
considering survival to adulthood, APLL supported the highest survivorship (~30% on 
APLL versus ~10% for VUH, Fig. 2b). No such reversal of suitability was observed for 
mass gain: APLL supported some of the largest caterpillars at two weeks (second to 
AFAL) as well as the largest adult butterflies. Taken together, these findings suggest that 
APLL is the better host, yet APLL was always the least preferred substrate in the 
oviposition assays we conducted. This was true even when APLL was paired with the 
nearly-fatal foliage from AWFS (Fig. 3). While a mismatch between preference and 
performance has been demonstrated numerous times in other systems, it has typically been 
investigated in the context of interspecific differences [e.g. 73, 74, but see 75], rather than 
differences between plant populations or individuals [76]. Notably, despite the mismatch 
we observed, alfalfa-associated females chose optimally when presented with hosts from 
their area. Specifically, females from VUH preferred their natal host plants to hosts from 
the neighboring AWFS population (~8.5 km apart). This is consistent with a hypothesis of 
ongoing preference evolution in L. melissa, which has been suggested previously in a 
survey of preference in ten L. melissa populations [35].  
While we discovered dramatic differences in the extent to which different alfalfa 
sources support larval development or elicit oviposition, linking population-specific 
variation in alfalfa nutrition, chemistry, or genetic variation to L. melissa colonization 
status remains challenging. However, phytochemical variation shows some promise for 
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being a successful predictor of alfalfa occupation (Fig. 5d), suggesting an important (albeit 
not yet understood) role of phytochemistry in determining the extent to which host 
populations can support L. melissa colonization and persistence. Furthermore, we found 
that uncolonized populations are phytochemically different from one another (Fig 5a), yet 
tend to have (in two out of three cases) lower within-population phytochemical diversity 
compared with colonized populations (Fig. 5b). Although more populations need to be 
studied to confirm this possibility, it might be the case that more phytochemically diverse 
alfalfa populations are older, and have thus had a longer time to become colonized by L. 
melissa. Unfortunately, we have no way of gauging alfalfa population age and cannot test 
this possibility. Alternatively, a more direct link between phytochemical diversity and 
colonization is possible. If individual females vary in terms of preference for a given host 
phenotype [e.g. 18, 77, 78], then immigrating females would be more likely to encounter a 
plant deemed acceptable for oviposition in a phenotypically-complex host patch. The 
possible importance of within-patch variation in host phenotype is also interesting in light 
of the poor correlation we observed between genetic and phytochemical differences among 
individuals. The lack of a genetic-phytochemistry correlation suggests that plasticity might 
play a role in maintaining the intra-population variation we observed in occupied alfalfa 
populations [79]. With respect to plasticity of chemical phenotypes, it should also be noted 
that L. melissa caterpillars tend to be at very low densities relative to other herbivores (JGH 
& MLF pers. observations), thus we consider it unlikely that L. melissa herbivory per se 
drives phytochemical diversity in colonized patches through induction of host defenses. 
Finally, the inference of plasticity should be tempered for now by the resolution of our 
genetic analyses. Although we assayed thousands of genetic regions (more than 16,000 
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SNPs), analyses focused on overall similarity and thus could obscure important genetic 
variants that influence phytochemistry.  
Beyond the overall differences between occupied and unoccupied locations (Fig. 
5D), other aspects of plant phenotype (such as nutritional differences) do not appear to 
explain colonization status. Nevertheless, the case of VUH and AWFS alfalfa is intriguing: 
they are geographically proximate, though the unoccupied location (AWFS) is nearly-lethal 
to caterpillars and is not preferred by ovipositing alfalfa-associated females (from VUH). 
Given the lack of significant differences in foliar protein, we suspect differences in plant 
suitability are due to the phytochemical separation between these populations (S5 Figure). 
The VUH versus AWFS comparison raises the possibility that a larger sample of paired 
alfalfa sites (occupied and unoccupied) could reveal differences informative to L. melissa 
population persistence (and provide the statistical power to identify compounds of large 
ecological effect). Future studies should also, of course, attempt to measure other factors 
relevant to population colonization and persistence, including geographic barriers to L. 
melissa dispersal, the role of natural enemies, and the age of alfalfa populations.  
In summary, we found dramatic consequences of intraspecific variation among 
alfalfa populations for L. melissa larval performance and oviposition preference. This result 
provides an important foundation for our understanding of metapopulation dynamics in this 
system. In a population genomic survey of hundreds of L. melissa individuals throughout 
the Great Basin, the majority could be assigned to their population of origin based on their 
genotypes [63]. Thus, movement across the landscape appears to be infrequent, and new 
host patches are probably colonized by only a few dispersing individuals. Given the 
variation in alfalfa patch suitability that we describe here, dispersal of L. melissa may be 
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further constrained because not all emigrating L. melissa adults will encounter alfalfa 
patches that can support larval development. These ecological filters suggest a mechanism 
explaining why novel host use by L. melissa in the Great Basin is characterized by the 
founder bottlenecks uncovered by [63]. In a study of the genetic architecture of host use by 
L. melissa, [33] found a large number of genetic regions with conditionally-neutral effects 
across hosts; in other words, some loci have alleles that affect performance on one host, but 
have little or no effect on another host, and vice versa. Given that conditionally-neutral 
genetic architecture, [33] hypothesized that, in this system, drift could promote the 
evolution of specialization by leading to the loss of alleles associated with an ancestral 
host. This route to specialization would be most likely in a situation where founder 
bottlenecks are severe, which could be promoted by large differences in suitability among 
host patches, such as those documented in the current study. Finally, our results reaffirm 
the importance of considering variation among conspecifics in the study of interactions, 
and suggest new lines of questioning regarding how habitat suitability may be influenced 
by variation in phytochemistry and host nutrition.  
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Fig. 1. Map of locations from which alfalfa was collected for experiments (states pictured 
are California and Nevada in the western United States). Status (used or not used) indicates 
whether alfalfa locations support butterflies in the field. Unused locations are prefixed by 
the letter “A.” The uncertain status (for SCC) indicates a location where butterflies have 
been observed in the presence of alfalfa and a native host, but oviposition on alfalfa has not 
been confirmed. The caterpillar source (SLA) indicated by the asterisk is the location of 
origin for caterpillars used in performance experiments. Females for preference tests came 
from both SLA and VUH. For descriptions of each study location see main text. 
 
Fig. 2 Results from caterpillar performance trials: survival (a & b), and mass (c & d). 
Performance in (a) and (c) are across all alfalfa source populations through 14 days of 
development (>60 larvae reared on each alfalfa population); performance in (b) and (d) 
involve caterpillars reared to adults on a subset of alfalfa sources (number of surviving, 
weighed larvae in parentheses). Bars in (a) and (b) are 95% equal-tail probability intervals 
	 44	
(ETPIs) of survival rate estimates; bars in (c) and (d) are 95% ETPIs of estimates of mean 
mass. AWFS in panel (d) was not included in analyses because we only have mass from a 
single individual (no other larvae survived on alfalfa from this population). 
 
Fig. 3 Preference of Silver Lake (a & b) and Verdi females (c & d) for different 
combinations of alfalfa sources (gray symbols) and a negative control (open symbol). 
Silver Lake (SLA) females were from a native-host population (no previous exposure to 
alfalfa), and Verdi females were from an alfalfa-feeding population (VUH). Bars denote 
95% equal-tail probability intervals for population preference and symbols indicate the 
mean of posterior probability distribution. Different letters denote non-overlapping 
probability intervals. 
 
Fig. 4. Results from Bradford assay of foliar protein in seven populations of alfalfa. (a) 
Absorbance (standardized by mass) by population, with significant differences denoted via 
superscripts (Kruskal-Wallis). Absorbance is directly proportional to protein content. (b & 
c)  
Relationships between protein concentration and larval survival and mass gain at 14 days 
were not significant. Lines denote standard errors of mean estimates. 
 
Fig. 5. Phytochemistry and genetic structure of surveyed alfalfa populations. (a) Number of 
distinct chemical phenotypes for populations colonized by L. melissa (circles), and 
uncolonized populations (triangles). Higher values of q reflect higher order diversity 
equivalents. Abundant compounds are more heavily weighted at values of q > 1. 
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Underlying phytochemical data was collected via HPLC. (b) Uncolonized populations were 
phytochemically dissimilar, but typically had low within-population phytochemical 
variation. On the other hand, colonized populations were phytochemically similar, despite 
the fact that these populations tended to exhibit more within-population phytochemical 
variation than uncolonized populations (also see S2 Figure). (c) NMDS of phytochemical 
data showed overall similarity in phytochemistry across surveyed alfalfa populations. (d) 
However, LDA showed that important phytochemical variation did exist, and could well 
separate populations differing in colonization by L. melissa. Each point represents an 
individual plant. Values plotted were calculated by substituting each datum into the 
discriminant function. The x-axis is not labeled because it serves only to spread samples for 
visualization. (e) PCA of genetic covariance matrix constructed using ~17,000 SNVs. 
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S1 Appendix: Additional methods 
 
LDA simulation analysis methods 
 
Linear discriminant analysis (LDA) was employed using the MASS package (version 7.3, 
Venables and Ripley 2002) in R to explore phytochemical differences among alfalfa 
populations. LDA seeks to find the linear combination of predictor variables that best 
separate data by group, based on a pre-defined set of groups. We employed this approach 
to determine if phytochemical differences among alfalfa populations could predict L. 
melissa colonization of those populations (see main text for details).  
Given the large number of predictor variables used in our LDA of phytochemistry (28 
compounds) we used a Monte Carlo approach to confirm the adequate performance of the 
analysis. In other words, we wished to test if the ratio of the number of predictor 
variables to the number of measurements of the independent variable in our data perforce 
led to generation of well-performing, discriminatory functions. Consequently, we 
constructed two null models to test the predictive power of our discriminant function 
above null expectations for a dataset such as ours.  
The first null model tested if any two arbitrarily assigned groupings of our data 
could be well predicted by LDA (a random distribution of chemotypes among 
populations). For this null model, we randomly assigned colonization status to each of 
our samples (individuals) and built a discriminant function using these data. As per 
above, we repeated this process 10,000 times and saved the proportion of correct 
assignments (of colonization status) generated at each iteration. We considered the 
simulation to have outperformed the LDA when the proportion of correct assignments 
obtained in an iteration of the simulation was greater than the mean proportion of correct 
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assignments obtained by the LDA on observed data (as per Gotelli and Ellison 2013). By 
counting the number of times the simulation outperformed the LDA of observed data, and 
dividing this count by the total number of iterations (10,000), we were able to calculate a 
p-value for how well our LDA performed above the null expectation as described via this 
simulation.  
We also tested that the results of LDA on our data would not be expected given a 
random distribution of concentrations of compounds among samples. To test this 
possibility, we took the vector of observed concentrations for a given compound and 
randomly assigned, without replacement, values from this vector to each sample. We did 
this for each of the 28 compounds, and built a discriminatory function using these 
randomized data. Again, we trained and tested discriminant functions generated with 
these data 10,000 times, and saved the proportion of correct assignments generated at 
each iteration. As described above, we tested if the results output from this simulation 
where different from those output by our LDA of observed data.  
Results 
The mean estimate of the ability of LDA to successfully predict colonization status when 
data analyzed were limited to compounds common across all alfalfa populations was 67% 
(95% confidence intervals: 53%–80%; this is the mean percentage of correct assignments 
of validation data a colonization status across 10,000 trials, see methods in main text). 
This represents a significant outperformance of both null models that tested the veracity 
of the predictive power of the LDA given our data structure (p = 0.0257 for the 
simulation randomizing chemotype among groups; and p = 0.0112 for the simulation that 
randomized chemical concentrations among individuals). 
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Details of Bradford assay 
 
A Bradford assay (Bradford 1976) was used to ascertain protein content of foliar tissue 
taken from the same individual plants used in the phytochemistry assay (19-20 
individuals per population). Individual M. sativa plants were collected from each 
population in late August of 2013. Plants were stored dried and frozen at -20º C until 
analysis. Approximately 25 mg of foliar tissue from each individual was ground to a fine 
powder and weighed to the nearest thousandth of a milligram. Ground tissue was 
extracted in 1 ml of 0.1 M NaOH for thirty minutes and then centrifuged for 5 minutes at 
5,000 rpm. Aliquots of the resulting supernatant were combined with BioRad reagent and 
assayed with a BioRad microplate reader set at 595 nm. Two foliar samples were assayed 
in triplicate from each individual plant and absorbencies of all six samples averaged. 
Prior to statistical analyses, absorbency data obtained for all samples were standardized 
by sample mass. A distance matrix (Euclidean) of absorbencies by individual was 
correlated with genetic and phytochemical distance matrices (significance tested with 
Mantel tests) to test for relationships between these three axes of host variation. 
Population genetics analysis details 
DNA was isolated and purified from desiccated (oven dried) leaf tissue sampled from 
132 alfalfa plants using Qiagen's DNAeasy 96 Plant Kit (Qiagen Inc.). These plants were 
taken from five of our seven focal populations. DNA was not successfully extracted from 
APLL and BWP samples; insufficient yield in these cases likely resulted from 
compromised DNA quality associated with drying. We generated DNA fragment libraries 
for genotyping-by-sequencing using our established protocol (Gompert et al. 2012, 
Parchman et al. 2012, Gompert et al. 2014). Specifically, genomic DNA was first 
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enzymatically digested with the restriction enzymes EcoRI and MseI. Double-stranded 
adaptor oligonucleotides were then ligated onto the sticky-ends of the digested DNA 
fragments. These adaptors included 8-10 base pair (bp) barcode sequences that were used 
to match sequences to individual plants. Fragment libraries were amplified using PCR 
and size-selected to fragments 250 and 350 bps in length using a BluePippin (Sage 
Science). Libraries were sequenced on an Illumina HiSeq 2500 (one lane, 1 x 100 base 
pair reads) at the University of Texas Genome Sequence and Analysis Facility. 
We aligned the DNA sequences (236 million DNA sequences total) to a draft genome 
generated from the diploid progenitor of alfalfa (total scaffold length = 673 Mbp, N50 
scaffold size = 37 kbp, number of scaffolds = 41319; we will more fully describe this 
genome sequence in a future publication). Sequences were aligned using the aln 
algorithm in bwa (Li and Durbin 2009) with a maximum of 5 mismatches, and a 20 bp 
seed with only two allowed mismatches in the seed. Bases with quality scores lower than 
10 were excluded from the alignment. We used samtools to compress, sort and index the 
alignments. We then used the Unified Genotyper in GATK (DePristo et al. 2011) to 
identify variable nucleotide positions and calculate genotype likelihoods for each 
individual and variable position (this is a Bayesian genotype and variant caller). We 
assumed a ploidy of four as alfalfa is a tetraploid. We set the minimum base quality to 20 
and set the prior expectation for heterozygosity to 0.001. A custom Perl script was then 
used to filter the initial set of variants. We retained those variants that met the following 
criteria: 2x minimum average coverage, eight or more sequences containing the non-
reference allele, less than 10% of sequences spanning an insertion-deletion, no more than 
five mapping quality zero sequences, a minimum mapping quality of 30, at least one 
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sequence in 72% of individuals, a maximum absolute value of the mapping quality rank 
sum test of two, a maximum absolute value of the base quality rank sum test of three, and 
a minimum ratio of variant confidence to non-reference sequence coverage of two. We 
also excluded alfalfa samples with mean sequence coverage less than 2x (i.e. we dropped 
low coverage nucleotide positions and low coverage individuals). 71 plants (five 
populations) and 16,920 single nucleotide variants (SNVs) were retained for population 
genetic analysis. 
We estimated the posterior probabilities of each genotype for each individual at 
each locus using a Bayesian approach. To do this we took the genotype likelihoods from 
GATK and multiplied them by the prior probabilities of each genotype assuming Hardy-
Weinberg genotype frequencies and a maximum likelihood estimate of global non-
reference allele frequency, which was also obtained using GATK. We then took the mean 
of the posterior distribution for each locus and individual as the genotype estimate for 
downstream analysis (this value is between zero and four, is not constrained to be an 
integer, and is an estimate of the number of non-reference allele copies at a locus). This 
general approach, which we have used previously (e.g. Gompert et al. 2014, Gompert et 
al. 2015), allowed us to make better use of the information in low to moderate coverage 
population genomic data than we would have been able to if we had simply called 
genotypes directly from the sequence data for each individual. 
We used several methods to quantify and summarize patterns of genetic variation 
within and among populations. We generated a genetic covariance matrix where each 
element in the matrix measured the genetic similarity (covariance in genotypes) for a pair 
of individuals. We then used principal components analysis (PCA) to visualize patterns 
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of genetic similarity based on this matrix. Next, to quantify genetic variation within 
populations, we calculated the average genetic variance (1 - [p2 + (1 - p)2]) and variance 
in PC 1 and 2 scores. Genome-average pairwise and global Fst were then estimated from 
the sample allele frequencies to assess the extent of population genetic structure. Finally, 
we tested for a positive correlation between genome-average Fst and the geographic 
distance between pairs of populations to determine whether alfalfa showed signs of 
isolation-by-distance (a Mantel test with 1,000 permutations was used to test whether the 





















S1 Table. Location and elevation of alfalfa (Medicago sativa) 
populations utilized for this study. 
Population Lat., Long.  Elevation (meters) 
Beckwourth Pass 
(BWP) 39.7797, -120.0734 1457 
Davis, CA (APLL) 38.5820, -121.7498 15 
Fallon, NV (AFAL) 39.4898, -118.5932 1197 
Gardnerville (GVL) 38.8122, -119.7793 1554 
Silver Lake (SLA) 39.6497, -119.9263 1512 
Star Creek Canyon 
(SCC) 40.5496, -118.1143 1634 
Verdi (VUH) 39.5099, -119.9950 1497 




S2 Table. Collection and sample size information for each oviposition assay 
performed. Each assay consisted of challenging a single female L. melissa 
butterfly with alfalfa from two populations and a negative control (Lotus 
nevadensis). All oviposition assays were conducted for 48 hours outdoors at 
ambient temperature. The two dates for Silver Lake were because inclement 
weather caused few eggs to be laid during the first assay of SLA females’ 
preference between AWFS and APPL. Consequently, two days later this assay 





Sample size and collection date (numbers in 
parentheses are number of females that 
oviposited) 






AWFS vs. APLL vs. Lotus nevadensis 
Silver Lake, NV 48 (14) (Aug 19 & 21, 2013) 67 4.8 (1.3) 
Verdi, NV 46 (20) (Sept 5, 2013) 135 6.8 (1.2) 
AWFS vs. VUH vs. Lotus nevadensis 
Silver Lake, NV 36 (13) (Sept 5, 2013) 86 6.6 (1.8) 







S3 Table. Results from multiple mantel tests correlating a distance matrix of 
protein content with both a phytochemical distance matrix, and a genetic 
covariance matrix generated from alfalfa (Medicago sativa) individuals 
sourced from five populations (see main text for locations). Protein data was 
generated via a Bradford assay (absorbance/divided by mass). Phytochemistry 
data consisted of a matrix of peak intensity for 49 compounds (HPLC data 
again standardized by dry weight); and, genetic data consisted of a pairwise 
genetic covariance matrix (generated using 16,920 SNVs). All data were 
converted to distance matrices using a Euclidean distance measure, then 
analyzed with a multiple mantel test (1,000 permutations). Correlation 
coefficients using both Pearson’s product-moment correlation and Spearman’s 
rank correlation are given along with corresponding p values.  
Correlation with genetic distance 
Site r (Pearson’s) p rho (Spearman’s) p 
AFAL -0.24 0.70 -0.3 0.80 
AWFS -0.02 0.58 -0.04 0.60 
VUH 0.07 0.29 -0.03 0.51 
GVL 0.10 0.14 0.05 0.30 
SCC 0.17 0.15 0.21 0.09 
Correlation with phytochemical distance 
AFAL -0.01 0.50 0.05 0.42 
AWFS -0.14 0.85 -0.06 0.67 
VUH 0.04 0.32 0.15 0.18 
GVL -0.11 0.77 -0.01 0.52 












S4 Table. Results from multiple Mantel test correlating phytochemical and 
genetic distance matrices generated from alfalfa (Medicago sativa) individuals 
sourced from five populations (see main text for locations). Phytochemistry 
data consisted of a matrix of peak intensity for 49 compounds (HPLC data 
standardized by dry weight); and, genetic data consisted of a pairwise genetic 
covariance matrix (generated using 16,920 SNVs). Both matrices were 
converted to distance matrices using a Euclidean distance measure, then 
analyzed with a multiple mantel test (1,000 permutations). Correlation 
coefficients using both Pearson’s product-moment correlation and Spearman’s 
rank correlation are given along with corresponding p values.  
Site r (Pearson’s) p rho (Spearman’s) p 
AFAL -0.26 0.83 -0.14 0.71 
AWFS -0.01 0.55 -0.02 0.53 
VUH 0.13 0.21 0.18 0.14 
GVL 0.27 0.04 0.21 0.06 











S5 Table. Pairwise Fst values for alfalfa (Medicago sativa) populations 
examined. Populations prefixed by “A” were not colonized by L. melissa 
See main text for analytical and sequencing details. 
 AFAL AWFS GVL SCC VUH 
AFAL 0.000 0.012 0.012 0.010 0.019 
AWFS 0.012 0.000 0.011 0.008 0.015 
GVL 0.012 0.011 0.000 0.008 0.017 
SCC 0.010 0.008 0.008 0.000 0.016 





























S1 Figure. Days to eclosion significantly differed between L. melissa larvae reared on 
alfalfa sourced from APLL and VUH (Wilcoxon rank sum test, p < 0.01). Days to 
eclosion reflects time elapsed from hatching of first instar through to eclosion of adult 
butterflies. Sample sizes shown reflect those butterflies that survived out of the initial ~60 

















































S2 Figure. Diversity equivalencies calculated using phytochemistry data from each 
alfalfa population. Equivalencies were calculated using increasing values of the q 
parameter to explore how they might change as the more abundant compounds were 
more heavily weighted in calculations. a-diversity reflects chemical richness within an 
individual plant, b-diversity the distinct number of chemical phenotypes among plants or 
populations (chemotypes), and g-diversity total phytochemical diversity within a 
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S3 Figure. Non-metric multidimensional scaling (NMDS) ordination of phytochemical 
data obtained from seven populations of alfalfa (see Fig. 1 in main text for population 
locations). Data consisted of peak intensity information for 49 compounds as 
characterized through HPLC analysis. The average value of a population on each NMDS 
dimension was calculated and plotted, lines emanating from this centroid extend to each 
datum (individual plant). Ordination demonstrated a high degree of phytochemical 
similarity between populations. 
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S4 Figure. Phytochemical separation between alfalfa populations differing in L. melissa 
colonization. The top row depicts results of linear discriminant analysis. In the top left 
panel all 49 compounds characterized via HPLC were analyzed, while in the top right 
panel only those compounds occurring at all alfalfa populations were analyzed. Points are 
individual plants, triangles are used for alfalfa populations uncolonized by L. melissa, 
circles for colonized populations. The bottom left panel shows differences in compound 
concentration between colonized and uncolonized alfalfa populations. Differences in 
means shown reflect differences in mean peak intensity for a given compound. This 






















































































































































































































S5 Figure. Phytochemistry of surveyed alfalfa populations. The top row depicts results of 
linear discriminant analysis of 49 compounds characterized via HPLC (each combination 
of axes is a different combination of discriminant functions). Points are individual plants, 
triangles are used for alfalfa populations uncolonized by L. melissa, circles for colonized 
populations. Average values output by discriminant functions for a population are plotted 
by larval survival (row 2) and larval mass (row 3) to determine if the compounds that best 
differentiate alfalfa populations can predict the differences in larval performance, or 
colonization status, observed between those same populations. Discriminant functions 























































































































































































































Chapter 2: Vertical stratification of the foliar fungal community in the world’s 
tallest trees 
	
Joshua G. Harrison1,2,5, Matthew L. Forister1,2, Thomas L. Parchman1,2, and George W. 
Koch3,4  
 
1Program in Ecology, Evolution, and Conservation Biology, Department of Biology, 
University of Nevada, Reno, NV, U.S.A.  
2Department of Biology, University of Nevada, Reno, NV, U.S.A.  
3Department of Biological Sciences, Northern Arizona University, Flagstaff, AZ, U.S.A. 
4Center for Ecosystem Science and Society, Northern Arizona University, Flagstaff, AZ, 




The aboveground tissues of plants host numerous, ecologically important fungi, yet 
patterns in the spatial distribution of these fungi remain little known. Forest canopies in 
particular are vast reservoirs of fungal diversity, yet intra-crown variation in fungal 
communities has rarely been explored. Knowledge of how fungi are distributed 
throughout tree crowns will contribute to our understanding of interactions between fungi 
and their host trees, and is a first step towards investigating drivers of community 
assembly for plant-associated fungi. Here we describe spatial patterns in fungal diversity 
within crowns of the world’s tallest trees, coast redwoods (Sequoia sempervirens). We 
took a culture-independent approach, using the Illumina MiSeq platform, to characterize 
the fungal assemblage at multiple heights within the crown across the geographical range 
of the coast redwood. Within each tree surveyed, we uncovered evidence for vertical 
stratification in the fungal community; different portions of the tree crown harbored 
different assemblages of fungi. We also report between-tree variation in the fungal 
community within redwoods. Our results suggest the potential for vertical stratification of 
fungal communities in the crowns of other tall tree species, and should prompt future 





Fungi encompass a large portion of earth’s biodiversity. Estimates of worldwide fungal 
species richness vary, but most estimates are in the millions (Hawksworth 1991, 
Hawksworth 2012, Mueller and Schmit 2007, Taylor et al. 2014). A vast reservoir of this 
diversity lies within forest canopies, however little is known regarding how this diversity 
is distributed within canopies at any spatial or temporal scale (Stone et al. 1996, Shaw 
2004, Unterseher et al. 2005, Sridhar et al. 2009). Knowledge of how fungi are 
distributed throughout tree crowns and forest canopies will contribute to our 
understanding of interactions between fungi and their host trees. These interactions are 
understudied, but are likely of substantial ecological importance. To date, canopy fungi 
have been found to influence host pathogen susceptibility (Arnold et al. 2003, Busby et 
al. 2016), interactions between hosts and herbivores (e.g. Hartley and Gange 2009, 
Wilson and Carroll 1997), leaf and wood decay rates (Fonte and Schowalter 2004), and 
nutrient cycling (Saikkonen et al. 2015).  
Canopy fungi are broadly categorized by their growth location; fungi colonizing 
the interior of host tissues are termed endophytes (Rodriguez et al. 2009), and fungi 
limited to surface colonization are termed epiphytes. Although much remains to be 
discovered about fungal communities, the determinants of community assembly for 
canopy fungi putatively parallel those of other organisms; namely, assembly is influenced 
by the interplay between neutral and deterministic factors (Vellend 2010, Hanson et al. 
2012). Neutral factors include ecological drift and dispersal limitation (Peay et al. 2012, 
Nemergut et al. 2013; Higgins et al. 2014). Deterministic factors include ecological filters 
imposed by the environment and by the host itself (e.g. Saunders and Kohn 2009, 
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Zimmerman and Vitousek 2012, Kembel et al. 2014)).  
Tree crowns represent a mosaic of conditions, both biotic and abiotic, that may 
influence fungal community composition. In particular, variation in microclimatic 
conditions, leaf morphology, and phytochemistry within the crown can be dramatic (e.g. 
Koch et al. 2004; Ishii et al. 2008) and may act as ecological filters that cause intra-crown 
variation in the fungal community. For instance, in a study of four deciduous tree species, 
Unterseher et al. (2007) found abundance of certain foliar fungi was predicted by sun 
exposure. However, these authors found little evidence of vertical stratification in the 
foliar fungal community as a whole (also see Osono and Mori 2004, Bahnweg et al. 
2005). On the other hand, in a survey of tropical epiphytic fungi, Gilbert et al. (2007) 
found increased fungal diversity and colonization in the understory compared with the 
forest canopy, which they attributed to variation in microclimate. This result aligns with 
several other studies, which, when taken together, suggest that fungal colonization is 
often greater in the lower portions of the tree crown (Wildman and Parkinson 1979, 
Andrews et al. 1980, Johnson and Whitney 1989, Scholtysik et al. 2013). However, the 
extent to which patterns of height-related variation in fungal community composition are 
driven by intra-crown variation in ecological filters remain unclear.  
Here we explore fungal diversity within the crowns of coast redwoods (Sequoia 
sempervirens), the tallest trees in the world. Coast redwoods regularly grow to 90 m, with 
the tallest individuals exceeding 115 m. Consequently, coast redwoods represent a 
potentially informative, extreme contrast to previous studies of intra-crown variation in 
fungal communities that have focused on trees of much shorter stature. Due to their 
impressive height, vertical gradients in light, temperature, and water potential are 
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pronounced (Koch et al. 2004, Ishii et al. 2008) and drive variation in leaf morphology 
and internal anatomy (Fig. 1a; Ishii et al. 2008, Oldham et al. 2010). We hypothesize that 
intra-crown variation in these potential ecological filters within the crowns of redwoods 
will manifest in vertical stratification of the fungal community.  
MATERIALS AND METHODS 
Collection methodology and sampling locations— 
Six sampling locations were chosen that span much of the latitudinal range of the coast 
redwood (Fig. 1b); including, from south to north: Landels-Hill Big Creek Reserve (lat. 
36.07, long. -121.60), Big Basin Redwoods State Park (37.18, -122.22), Jasper Ridge 
Biological Preserve (37.41, -122.23), Montgomery Woods State Natural Reserve (39.23, 
-123.39), Humboldt Redwoods State Park (40.37, -123.89), and Jedidiah Smith 
Redwoods State Park (41.80, -124.09). In December 2014 three to five small branches 
(ca. 0.5 cm diam) were removed at upper, mid, and lower crown positions from a single 
tree at each of the aforementioned sites that previously had been rigged for crown access 
(Carroll et al. 2014). Sampling height varied among trees (Table 1).  Branches were 
placed immediately in silica to dry until they were returned to the lab and frozen at -20° 
C until further processing. With the exception of the Jasper Ridge site, all sampled trees 
were located within redwood-dominated, primary forest. Jasper Ridge Biological 
Preserve is located in the eastern foothills of the Santa Cruz Mountains at the base of the 
San Francisco Peninsula. Vegetation at this location is dominated by oak woodland, 
chaparral, and grassland, with small stands of redwoods located near a perennial creek. 
Average mean temperature and annual precipitation varied among sampling locations 
with the more northerly sampling locations typically experiencing cooler temperatures 
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and greater precipitation than the southern locations (Appendix S1, see Supplemental 
Data with the online version of this article; Van Pelt et al. 2016). 
Sample preparation and sequencing— 
Needles were removed from each sprig under sterile conditions in a laminar flow hood. 
Needles generally decrease in size with height in redwood (Koch et al. 2004), therefore 
more needles were sampled from upper than lower branches (<100 mg of needles were 
removed in all cases). Since standardizing sampling effort by needle count was 
impractical, standardization was achieved, where appropriate, in downstream analyses by 
normalizing read counts to accurately represent relative abundances of fungi among 
samples while accounting for variation in sequencing depth (see below for 
implementation details). Current-year growth was avoided during sampling, as young 
needles may not have been colonized by fungi (see Espinosa-Garcia and Langenheim 
1990). Since we were interested in fungal diversity on both the surface and interior of 
needles, we did not surface-sterilize samples.  
Dried needles were ground to a fine powder using a TissueLyser II (Qiagen; 
Germantown, MD, USA) and 3 mm tungsten carbide beads. DNA was extracted using 
the DNeasy Plant Mini-kit (Qiagen). Extracted DNA was normalized to 9 ng/ul and sent 
to the Genome Sequencing and Analysis Facility, at the University of Texas, Austin 
(GSAF) for library preparation and sequencing. Library preparation was developed by 
GSAF and consisted of a nested PCR procedure, where the ITS-1 locus was amplified in 
the first round of PCR along with the Illumina specific primer sites (Nextera; Madison, 
WI, USA), followed by a second round of PCR where flow cell binding sites are added 
and a dual indexing system of i5 and i7 8 base barcodes added to either end of the paired 
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read. Sequencing was performed using the Illumina MiSeq platform and a paired-end 
(2x250) protocol (Illumina; San Diego, CA, USA). PCR was performed in triplicate in 
20ul total volume. Extracted gDNA (1 ul) was added to NEBNext Master Mix (10ul; 
New England Biolabs; Ipswhich, MA, USA), water (7 ul), and forward and reverse 
primers (1 ul each). The ITS-1F (5'-CTTGGTCATTTAGAGGAAGTAA-3') and ITS-2 
(5'-TCCTCCGCTTATTGATATGC -3') (White et al. 1990) primers, which target the 
ITS-1 locus, were used. Conditions for the first round of PCR were 98° C for 30 s; 
followed by 12 cycles of 98° C for 30 s, 62° C for 30 s, 72° C for 30 s; followed by a 
5:00 m 72° C elongation period, and a 4° C hold. Amplicons were then purified using 
AMPure XP bead purification (at a ratio of 80% beads to sample; Beckman Coulter; 
Indianapolis, IN, USA). Amplified DNA (10 ul) from the first round was mixed with 
NEBNext Master Mix (15 ul) and barcode primers (5 ul) and subjected to a second round 
of PCR. Prior to this second round of PCR, several samples were haphazardly selected 
and quantified using a Qubit (Invitrogen; Carlsbad, CA, USA) and a High Sensitivity 
Bio-Analyzer chip (Agilent; Santa Clara, CA, USA) to ensure the first round of PCR was 
successful. Conditions for this round were 98° C for 30 s; followed by 7 cycles of 98° C 
for 30 s, 62° C for 30 s, 72° C for 30 s; followed by a 5:00 m 72° C elongation period, 
and a 4° C hold. PCR products were again purified using AMPure beads (at a ratio of 
80% beads to sample), quantified using qPCR, normalized during pooling, and the pooled 
products checked for adapter contamination using a Bioanalyzer. Pooled samples were 
sequenced on two flow cells along with samples from other projects, and randomly 
divided between these cells to avoid introducing biases from cell-specific effects.  
DNA sequence analysis— 
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Primer binding sequences were removed from the beginning of each read prior to any 
subsequent analyses. This is necessary because the template sequence may not be 
perfectly complementary to the primer, yet the primer may still bind to this sequence, 
thus the portion of the read containing the primer sequence may contain sequencing 
errors. Sequences were trimmed using USEARCH v8.1.1831 (Edgar 2010, Edgar 2013), 
and consisted of removing a fixed number of bases corresponding to the length of the 
primer-binding region from the beginning of each read. After trimming, forward reads 
were filtered using USEARCH via the "-fastq_filter" function with the “-fastq_maxee” 
parameter set at 1. This filtering meant that reads with more than a single expected error 
were discarded (Edgar and Flyvbjerg 2015). Reads were not merged, instead we only 
analyzed forward reads. Nguyen et al. (2015) report that the use of merged paired-end 
reads can lead to less accurate characterization of fungal communities, possibly due to 
poor merging of sequences belonging to fungi with long ITS regions. Consequently, they 
recommend the use of forward reads only. However, merging reads can lead to longer 
higher quality OTUs, because information from both forward, and reverse reads can be 
leveraged when calling bases (Edgar and Flyvbjerg 2015). Consequently, we repeated all 
analyses using reads merged with either USEARCH, or PANDAseq (Masella et al. 
2012). While OTU counts varied depending on merging algorithm used, repeating 
analyses using either dataset did not result in qualitative differences from results 
presented here, and, consequently, are not discussed further. After filtering, reads were 
dereplicated (duplicated sequences removed; leaving 73,754 unique reads) using 
USEARCH and reads occurring twice or more were clustered into operational taxonomic 
units (OTUs) with the UPARSE algorithm (Edgar 2013).  
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OTUs were delineated using a 97% similarity-clustering threshold; this step also 
removes chimeric sequences (274 chimeric OTUs were detected and discarded). All 
analyses were repeated using 90% and 95% similarity thresholds for clustering. Results 
generated were qualitatively similar to those presented here, despite the reduced number 
of OTUs generated (784 OTUs using a 90% similarity threshold, and 1108 using a 95% 
threshold) and are consequently not discussed further. A representative sequence for each 
OTU was assigned a taxonomic status using the UTAX algorithm in USEARCH and the 
“warcup” training set (Deshpande et al. 2016). This approach splits up a query sequence 
into short words and matches those to well-annotated training datasets. The number of 
matches obtained for a query sequence to a training set accession allows a probabilistic 
taxonomic assignment. Only reads assigned to fungi at 95% confidence or better were 
retained. In order to ascertain the total number of reads obtained for a particular OTU, 
unfiltered forward reads were matched to each OTU sequence using USEARCH with a 
97% match threshold. Some previously discarded reads, including singleton reads, and 
reads with more than a single sequencing error, matched an OTU at this 97% threshold, 
thus facilitating more accurate estimates of read count for a given OTU.  
Statistical analyses— 
Data were first normalized to account for differential sequencing depth among samples. 
Normalization refers to the scaling of each sample library (total number of reads for a 
sample) to facilitate comparison among samples, while accounting for the inherently 
greater variation present in larger libraries compared with smaller libraries. 
Consequently, normalization allows for accurate examination of relative abundance 
differences among samples, and is statistically preferable to rarefying samples 
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(McMurdie and Holmes 2014). Normalization was accomplished in the R package edgeR 
(Robinson et al. 2010) using a weighted trimmed mean approach (for details see 
Robinson and Oshlack 2010). Additionally, analyses were repeated while omitting 
samples with fewer than 500 reads to ensure that those samples were not biasing results 
(Weiss et al. 2015). We generated qualitatively similar results with this reduced dataset 
(e.g. Appendix S2, see Supplemental Data with online version of this article), and 
therefore chose to retain samples with few reads in the analyses described here.  
 To gauge the comprehensiveness of our sampling strategy, taxa accumulation 
curves were created for each site using the “specaccum” function in the vegan package 
v2.2-1 in R v3.2.1 (R Core Team 2015). Curves were generated using the “random” 
method, in which samples are added in random order during each permutation (999 
permutations total). These curves show expected taxonomic richness in each focal tree, 
with associated confidence intervals, as a function of sampling effort.  Species richness 
was also extrapolated for every sampling position via the Chao 2 estimator (Chao 1987) 
as implemented via the “specpool” function in vegan using incidence data. These 
extrapolations should be regarded as estimates only, as they are made without the 
inclusion of singleton reads which may represent either sequencing errors or rare taxa 
(for discussion of this issue see Lindahl et al. 2013, Brown et al. 2015). 
To investigate variation in fungal assemblages among trees, and among different 
crown locations within a tree, we used principal coordinates analysis (PCoA) and 
permutational multivariate analysis of variance (PERMANOVA) on distance matrices. 
Analyses were conducted on distance matrices constructed from fungal community data 
using presence/absence information, and on matrices constructed using normalized 
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relative abundance data for each OTU (using both incidence data and relative abundance 
data is recommended in Nguyen et al. 2015). To describe how the most abundant taxa 
differed among sampling locations, ordination was also performed on relative abundance 
data for only the top ten percent of OTUs (based on relative abundance) from each crown 
location in each tree. PCoA ordination was conducted via the “cmdscale” function. Prior 
to ordination, data were Hellinger standardized (recommended for datasets with many 
zeros; Legendre and Gallagher 2001) and Euclidean distances between samples were 
calculated to make a Hellinger distance matrix. PERMANOVA on this distance matrix 
was implemented using the “adonis” function in the vegan package (1,000 permutations) 
(Anderson 2001). This analysis works analogously to ANOVA in that it characterizes 
differences between groups using a comparison of within-group versus between-group 
variation. However, in this case the analysis works on data represented as a distance 
matrix where centroids of each group are calculated and then the squared deviations from 
these centroids are summed and used to compare within- and between group variation. 
PERMANOVA was also conducted on presence/absence data for each tree and crown 
location using data rarified to 1,000 reads with the “rrarefy” function of vegan (Oksanen 
et al. 2007; Weiss et al. 2015). PERMANOVA of both incidence and relative abundance 
datasets were repeated using sampling height as a continuous predictor variable. Tests for 
homogeneity of variance between crown locations were conducted using the “betadisper” 
function in vegan. PERMANOVA was also conducted across trees after pooling data by 
tree. This analysis was performed on incidence data rarified to 1,000 reads and also on 
relative abundance data normalized using edgeR. In both cases, data were represented as 
Hellinger distance matrices. 
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To test for distance-decay in fungal community similarity we used both a Mantel 
test and Mantel correlogram approach implemented using the “mantel” and  
“mantel.correlog” functions in vegan (using Pearson’s R). Geographic distance between 
sites was calculated using haversine distances, which takes the Earth’s curvature into 
account when calculating distances between locations (the Earth’s radius was set as 6371 
km). Fungal community dissimilarity indices were calculated as the Hellinger distances 
among centroids in PCoA space of samples taken from a particular tree. These indices 
were calculated from normalized relative abundance data.  
 We used the numbers equivalents approach to describe fungal diversity in our 
samples (Hill 1973, Jost 2006, Jost 2007, Chao et al. 2014). This approach represents 
diversity in terms of the “effective number” of taxa in a sample, which is calculated by 
determining the number of equally represented taxa needed to generate a diversity 
entropy value identical to the original sample. Effective numbers can be calculated with 
different weights placed on abundant taxa using  (Eq. 1 in Jost 2006)  
where qD is the effective number of taxa in a sample, q is representative of the weight 
placed on abundant taxa, and p is the proportion of a sample comprised of taxon i out of a 
total s taxa in the sample. When q = 0 all taxa are weighted equally (i.e. richness), when q 
= 1 all taxa are weighted by their relative abundance (i.e. Shannon-Weiner), and as q 
increases more weight is placed on abundant taxa. We calculated D iteratively through 
order q = 5 for alpha, beta, and gamma diversity for each crown location in each tree 
using relative abundance data normalized using edgeR (see above). Gamma diversity was 















calculated a standardized estimate of beta-diversity within a crown location across 
sampled trees (“turnover”, as per Jost 2007) to account for unequal sequencing depth 
between crown positions. For this “turnover” analysis, sequences were pooled for all 
samples taken from a particular crown location in a particular tree, normalized using 
edgeR (see above), and turnover calculated. Diversity analyses were conducted using the 
vegetarian v1.2 (Charney and Record 2012) and hierDiversity v0.1 (Marion et al. 2015a) 
packages in R. For a more in-depth description of this approach to quantifying diversity 
see Marion et al. (2015b). 
RESULTS 
Illumina sequencing resulted in 1,789,823 total forward reads, 447,691 of which passed 
quality filtering; of these, 422,343 mapped to 1274 fungal OTUs (Table 1) (raw reads 
available at the National Center for Biotechnology sequence read archive, BioProject 
accession: PRJNA347866; for processed reads and scripts see Appendix S3 in the 
Supplemental Data with the online version of this article). Fungal sequences were 
recovered from every sample; however, three samples had fewer than 25 fungal reads 
(these samples had relatively few reads in total).  Taxa accumulation curves did not reach 
an asymptote, suggesting additional fungi may be present within these trees (Fig. 2a). 
There was no apparent latitudinal trend in OTU richness (Table 1).  
 PCoA ordinations were conducted on three datasets characterizing the fungal 
community: presence/absence data (Fig. 2b), relative abundance data (Fig. 2c), and a 
relative abundance dataset limited to only the top ten percent of taxa (by relative 
abundance) per sample (Fig. 2d). Samples generally clustered by individual trees in 
ordinations of all three datasets, though some overlap between trees was observed. 
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PERMANOVA analysis confirmed the presence of distinct fungal communities across 
trees; using rarified incidence data: F = 5.71, R2 = 0.27, p < 0.001; using normalized 
relative abundance data (Jedidiah Smith omitted to meet homogeneity of variances 
assumption): F = 12.17, R2 = 0.43, p < 0.001. In each tree examined, crown position 
affected the composition of the fungal assemblage present (PERMANOVA, Table 2; see 
Appendix S4 (see Supplemental Data in the online version of this article) for results from 
a PERMANOVA using height as a continuous predictor variable). This pattern was also 
revealed by PCoA ordination; fungal assemblages clustered by sampling height in most 
trees, though some overlap between crown locations was observed (Fig. 2b, c, d). This 
pattern was robust to exclusion of samples with few reads (Appendix S2). We did not 
observe significant distance decay in the fungal community (Mantel test; R = 0.35, p = 
0.12; for Mantel correlogram see Appendix S5 in Supplemental Data with the online 
version of this article).  
 In addition, we explored patterns in fungal diversity by using a numbers 
equivalent approach where diversity was represented as the “effective number” of taxa in 
a sample. Diversity equivalents were calculated iteratively where at each iteration more 
weight was placed on abundant taxa, thus providing insight into patterns in the diversity 
of both rare and abundant taxa. We examined diversity across all trees surveyed, and also 
separately for each tree. Across trees, we observed no clear relationship between 
community turnover and sampling height (Appendix S6, see Supplemental Data with the 
online version of this article). We also calculated diversity equivalencies separately for 
each crown position in each tree (Fig. 3). We found no clear association of alpha-, beta-, 
or gamma-diversity and crown location in most trees. However, in several trees there was 
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an increase in alpha- and gamma-diversity in the mid-crown (i.e. Montgomery Woods 
and Humboldt; Fig. 3). We also found that relatively few fungi were abundant at each 
sampling location as shown by attenuation of profile plots at higher orders of q and by 
sequence sums.  
Description of fungal diversity recovered—  
 The majority of fungal reads recovered mapped to the Ascomycota (380,090 
reads; 546 OTUs), however this phylum was less OTU rich than the Basidiomycota 
(42,245 reads; 726 OTUs). 2 OTUs were identified as fungi but could not be ascribed a 
phylum with greater than 40% confidence. The majority of fungal reads were assigned to 
the Dothideomycetes (216 OTUs, 243,009 reads), Eurotiomycetes (119 OTUs, 76,883 
reads), Taphrinomycetes (18 OTUs, 48,676 reads) and Agaricomycetes (541 OTUs, 
20,805 reads; Appendix S7, see Supplemental Data in the online version of this article). 
The most abundant OTUs recovered and the top five most well represented classes varied 
between sampling locations (Appendix S7). Individually, most OTUs were represented 
by few reads; only 54 OTUs were associated with more than 1,000 reads, and only ten 
OTUs with more than 10,000 reads. When pooling sequences by sampling location, the 
most abundant OTU recovered varied both across trees, and for most crown locations 
within a tree. The majority of OTUs occurred in few samples and no OTU was recovered 
from all samples. 
DISCUSSION 
We found evidence for vertical stratification in the fungal community within the crowns 
of coast redwood trees. For every tree examined, we recovered a different fungal 
assemblage in different portions of the crown (Fig. 2, Table 2). The differences in fungal 
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assemblages between canopy locations were reflected in shifts in composition of both 
rare fungi (Fig. 2b) and the most relatively abundant fungi present (Fig. 2d).  
Our approach to characterizing fungal diversity through the generation of profile 
plots (Fig. 3) illustrates the relative influence of both rare and abundant members of the 
fungal community on overall patterns of diversity. For instance, beta diversity within the 
crown of a particular tree seems to be driven by turnover of a few relatively abundant 
fungi (middle row, Fig. 3) because there is little attenuation in the profile plot for higher 
orders of q. The domination of the fungal community by few fungal taxa is also shown by 
the decline in alpha and gamma diversity as rare taxa are downweighted through 
increasing q (see Jost 2007, Marion et al. 2015). For instance, at higher orders of q, alpha 
diversity decreased to fewer than 15 species equivalents for each canopy location in each 
tree (top row, Fig. 3). On the other hand, analyses based on incidence data, made up 
mostly of rare taxa, also demonstrate intra-crown variation in the fungal assemblage 
(Table 2, Fig. 2b). When taken together, these results suggest that the differences 
between crown locations are due to pervasive changes in the fungal community involving 
both rare and abundant taxa. 
Several factors may underlie the intra-crown variation in the fungal community 
we observed. For instance, the dramatic differences in leaf morphology between crown 
locations (Fig. 1a) may be indicative of underlying physiological variation important for 
the colonization and persistence of certain fungi (e.g. cuticle thickness, or nutritional 
content). Additionally, the tops of redwood trees are much more exposed to the sun, 
compared with the lower portion of the canopy, which is often fully shaded (Ishii et al. 
2008). For several deciduous tree species, degree of sun exposure has been linked to 
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fungal distribution within the canopy (e.g. Bahnweg et al. 2005, Unterseher et al. 2007)).  
Finally, leaf water potential declines, gas exchange is correspondingly constrained, and 
internal air space is reduced with height in redwoods (Koch et al. 2004, Mullin et al. 
2009, Oldham et al. 2010, Ambrose et al. 2010). These factors may represent a more 
resource-limited environment for endophytes that may influence fungal community 
composition. Detailed mechanistic study will be required to understand how these factors 
together influence fungal community assembly. 
The between-tree differences we observed contrasts with previous, culture-based, 
work by Rollinger and Langenheim (1993) who found little variation in community 
composition in the endophyte community in coast redwoods along a latitudinal gradient 
similar to ours. However, Rollinger and Langenheim (1993) were only able to access the 
lower portions of tree crowns for sampling and used a culture-based approach. Since 
fewer fungi are typically recovered when using culture-based methods, this difference in 
methodology may be responsible for the disparity between our results and those of 
Rollinger and Langenheim (1993). Interestingly, we did not see an obvious latitudinal 
gradient in fungal richness (Table 1, Fig 2a). This is particularly surprising considering 
that the more northerly sites are typically cooler and experience higher precipitation than 
the southern sites (Appendix S1; Ishii et al. 2014, Carroll et al. 2014, Van Pelt et al. 
2016) and precipitation has been linked to patterns in phyllosphere fungal community 
diversity in other systems (e.g. Zimmerman and Vitousek 2012, Lau et al. 2013).  
We uncovered a signal of sampling location in fungal community composition, 
with many samples clustering by tree in ordination space (Fig. 2). Unfortunately, for 
logistical reasons, we were only able to sample from a single tree at each geographical 
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location. Therefore, it is possible that high within-population variation in the fungal 
community of redwood trees could be driving the between-tree differences we report. On 
the other hand, in a survey of bacterial endophytes, Carrell and Frank (2015) sampled 
three coast redwoods trees at each of two populations, and report only partial overlap in 
the bacterial community recovered from both locations, thus supporting the possible 
influence of geography in structuring microbial communities in redwoods. Moreover, we 
found a near-significant pattern (Mantel test; R = 0.35, p = 0.12) of decreasing fungal 
community similarity with increasing distance between sampling locations (this despite 
low power due to sampling six locations only) which suggests that the between 
population variation in fungi we observed is at least partially driven by geography. This 
result is in accordance with studies of phyllosphere fungi in other taxa, which have 
demonstrated “distance-decay” in fungal community similarity, and the importance of 
habitat type for structuring fungal communities (Higgins et al. 2014; Vaz et al. 2014; 
Coleman‐Derr et al. 2015; David et al. 2015; Eusemann et al. 2016).  
 The high diversity of Basidiomycota recovered was unexpected, as most 
taxonomic richness within foliar fungal communities is typically ascribed to the 
Ascomycota (Meiser et al. 2014, but see Davey et al. 2012). However, Ascomycetes were 
the most abundant fungi recovered in terms of reads, with over 50% of all fungal reads 
assigned to the Dothideomycetes (a taxonomic class within the Ascomycota). Studies of 
the endophyte communities within numerous plant taxa have reported similar dominance 
by the Dothideomycetes (e.g. Arnold and Lutzoni 2007, Kembel and Mueller 2014, 
Meiser et al. 2014). However, it is important to note that PCR efficiency can vary 
dramatically among fungal taxa (Amend et al. 2010, Nguyen et al. 2015) and the choice 
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of primers can also influence the taxonomic breadth of fungi recovered in culture-
independent assays (Lindahl et al. 2013, Tedersoo et al. 2015, Tedersoo and Lindahl 
2016), consequently the dominance of the Dothideomycetes we report here should be 
verified by future work using other primers as well as culture-based methods. Previous 
culture-based studies of coast redwoods reported high prevalence of Pleuroplaconema sp. 
across the range (Carroll and Carroll 1978, Espinosa-Garcia and Langenheim 1990, 
Rollinger and Langenheim 1993). Unfortunately, there are currently no sequence data for 
Pleuroplaconema spp. in GenBank, so we were unable to search our data for this taxon.  
Conclusion 
 The crowns of coast redwoods host a diverse, vertically stratified community of 
foliar fungi. Our results suggest that fungal communities in other tall trees may be 
vertically stratified, which adds complexity to our understanding of the distribution of 
global fungal diversity and points toward further work exploring the mechanisms 
responsible for stratification.  
Acknowledgements 
We would like to thank Betsy Arnold, and three anonymous reviewers for their 
comments on previous drafts of this manuscript. Our manuscript was much improved by 
their thoughtful and insightful comments. We thank Steve Sillett for assistance with 
rigging the study trees and the Save-the-Redwoods League for supporting related 
research at the study sites. We thank Nona Chiariello and Chris Field for facilitating 
access to Jasper Ridge Biological Preserve. Additional thanks goes to Aldrin Santamaria 
for lab assistance and to Robert Edgar for advice regarding bioinformatics. This research 
was aided by grants from the National Science Foundation (IOB-0445277) and the Puget 
	 86	
Sound Mycological Society. J.G.H, T. L. P., and M. L. F. were further supported by the 
University of Nevada, Reno; M. L. F. was also supported in part by a Trevor James 
McMinn professorship and J. G. H. by the Steve and Kathie Jenkins Graduate Fellowship 
in Ecology.  
	 87	
LITERATURE CITED 
Ambrose AR, Sillett SC, Koch GW, et al (2010) Effects of height on treetop transpiration 
and stomatal conductance in coast redwood (Sequoia sempervirens). Tree Physiol 
tpq064. 
Amend AS, Seifert KA, Bruns TD (2010) Quantifying microbial communities with 454 
pyrosequencing: does read abundance count? Mol Ecol 19:5555–5565. doi: 
10.1111/j.1365-294X.2010.04898.x 
Anderson MJ (2001) A new method for non-parametric multivariate analysis of variance. 
Austral Ecol 26:32–46. doi: 10.1111/j.1442-9993.2001.01070.pp.x 
Andrews JH, Kenerley CM, Nordheim EV Positional variation in phylloplane microbial 
populations within an apple tree canopy. Microb Ecol 6:71–84. doi: 
10.1007/BF02020376 
Arnold AE, Lutzoni F (2007) Diversity and host range of foliar fungal endophytes: are 
tropical leaves biodiversity hotspots? Ecology 88:541–549. 
Arnold AE, Mejía LC, Kyllo D, et al (2003) Fungal endophytes limit pathogen damage in 
a tropical tree. Proc Natl Acad Sci 100:15649–15654. doi: 
10.1073/pnas.2533483100 
Bahnweg G, Heller W, Stich S, et al (2005) Beech leaf colonization by the endophyte 
Apiognomonia errabunda dramatically depends on light exposure and climatic 
conditions. Plant Biol 7:659–669. 
Brown SP, Veach AM, Rigdon-Huss AR, et al (2015) Scraping the bottom of the barrel: 
are rare high throughput sequences artifacts? Fungal Ecol 13:221–225. doi: 
10.1016/j.funeco.2014.08.006 
	 88	
Busby PE, Peay KG, Newcombe G (2016) Common foliar fungi of Populus trichocarpa 
modify Melampsora rust disease severity. New Phytol 209:1681–1692. doi: 
10.1111/nph.13742 
Carrell AA, Frank AC (2015) Bacterial endophyte communities in the foliage of coast 
redwood and giant sequoia. Frontiers in microbiology, 6.  
Carroll AL, Sillett SC, Kramer RD (2014) Millennium-scale crossdating and inter-annual 
climate sensitivities of standing California redwoods. PLOS ONE 9:e102545. doi: 
10.1371/journal.pone.0102545 
Carroll GC, Carroll FE (1978) Studies on the incidence of coniferous needle endophytes 
in the Pacific Northwest. Can J Bot 56:3034–3043. 
Chao A (1987) Estimating the population size for capture-recapture data with unequal 
catchability. Biometrics 43:783. doi: 10.2307/2531532 
Charney N, Record S (2012) vegetarian: Jost diversity measures for community data. R 
package version 1.2.  
Coleman-Derr D, Desgarennes D, Fonseca-Garcia C, et al (2015) Plant compartment and 
biogeography affect microbiome composition in cultivated and native Agave 
species. New Phytologist, 209(2), 798-811. 
Davey ML, Heegaard E, Halvorsen R, et al (2012) Seasonal trends in the biomass and 
structure of bryophyte-associated fungal communities explored by 454 
pyrosequencing. New Phytol 195:844–856. 
David AS, Seabloom EW, May G (2015) Plant host species and geographic distance 
affect the structure of aboveground fungal symbiont communities, and 
	 89	
environmental filtering affects belowground communities in a coastal dune 
ecosystem. Microb Ecol 1–15. 
Deshpande V, Wang Q, Greenfield P, et al (2016) Fungal identification using a Bayesian 
classifier and the Warcup training set of internal transcribed spacer sequences. 
Mycologia 108:1–5. doi: 10.3852/14-293 
Edgar RC (2010) Search and clustering orders of magnitude faster than BLAST. 
Bioinformatics 26:2460–2461. 
Edgar RC (2013) UPARSE: highly accurate OTU sequences from microbial amplicon 
reads. Nat Methods 10:996–998. 
Edgar RC, Flyvbjerg H (2015) Error filtering, pair assembly and error correction for 
next-generation sequencing reads. Bioinformatics btv401. 
Espinosa-Garcia F, Langenheim J (1990) The endophytic fungal community in leaves of 
a coastal redwood population-diversity and spatial patterns. New Phytol 89–97. 
Eusemann P, Schnittler M, Nilsson RH, et al (2016) Habitat conditions and phenological 
tree traits overrule the influence of tree genotype in the needle mycobiome–Picea 
glauca system at an arctic treeline ecotone. New Phytol 211:1221–1231. doi: 
10.1111/nph.13988 
Fonte S, Schowalter T (2004) Decomposition in forest canopies. In: Forest Canopies. 
Elsevier Academic Press, Burlington, MA,  
Gilbert GS, Reynolds DR, Bethancourt A (2007) The patchiness of epifoliar fungi in 
tropical forests: host range, host abundance, and environment. Ecology 88:575–
581. 
	 90	
Hanson CA, Fuhrman JA, Horner-Devine MC, Martiny JBH (2012) Beyond 
biogeographic patterns: processes shaping the microbial landscape. Nat Rev 
Microbiol 10:497–506. doi: 10.1038/nrmicro2795 
Hartley SE, Gange AC (2009) Impacts of plant symbiotic fungi on insect herbivores: 
mutualism in a multitrophic context. Annu Rev Entomol 54:323–342. 
Hawksworth D (2012) Global species numbers of fungi: are tropical studies and 
molecular approaches contributing to a more robust estimate? Biodivers Conserv 
21:2425–2433. 
Hawksworth DL (1991) The fungal dimension of biodiversity: magnitude, significance, 
and conservation. Mycol Res 95:641–655. 
Higgins KL, Arnold AE, Coley PD, Kursar TA (2014) Communities of fungal 
endophytes in tropical forest grasses: highly diverse host-and habitat generalists 
characterized by strong spatial structure. Fungal Ecol 8:1–11. 
Hill MO (1973) Diversity and evenness: a unifying notation and its consequences. 
Ecology 54:427–432. 
Ishii HT, Jennings GM, Sillett SC, Koch GW (2008) Hydrostatic constraints on 
morphological exploitation of light in tall Sequoia sempervirens trees. Oecologia 
156:751–763. doi: 10.1007/s00442-008-1032-z 
Johnson J, Whitney N (1989) An investigation of needle endophyte colonization patterns 
with respect to height and compass direction in a single crown of balsam fir 
(Abies balsamea). Can J Bot 67:723–725. 
Jost L (2006) Entropy and diversity. Oikos 113:363–375. 
	 91	
Jost L (2007) Partitioning diversity into independent alpha and beta components. Ecology 
88:2427–2439. 
Kembel SW, O’Connor TK, Arnold HK, et al (2014) Relationships between phyllosphere 
bacterial communities and plant functional traits in a neotropical forest. Proc Natl 
Acad Sci 111:13715–13720. doi: 10.1073/pnas.1216057111 
Koch GW, Sillett SC, Jennings GM, Davis SD (2004) The limits to tree height. Nature 
428:851–854. doi: 10.1038/nature02417 
Lau MK, Arnold AE, Johnson NC (2013) Factors influencing communities of foliar 
fungal endophytes in riparian woody plants. Fungal Ecol 6:365–378. doi: 
10.1016/j.funeco.2013.06.003 
Legendre P, Gallagher ED (2001) Ecologically meaningful transformations for ordination 
of species data. Oecologia 129:271–280. 
Lindahl BD, Nilsson RH, Tedersoo L, et al (2013) Fungal community analysis by high-
throughput sequencing of amplified markers – a user's guide. New Phytol 
199:288–299. doi: 10.1111/nph.12243 
Marion Z, Fordyce J, Fitzpatrick B, Marion MZ (2015a) Package “hierDiversity.”  
Marion ZH, Fordyce JA, Fitzpatrick BM (2015b) Extending the concept of diversity 
partitioning to characterize phenotypic complexity. Am Nat 186:348–361. 
Masella AP, Bartram AK, Truszkowski JM, et al (2012) PANDAseq: paired-end 
assembler for illumina sequences. BMC Bioinformatics 13:31. doi: 10.1186/1471-
2105-13-31 
	 92	
McMurdie PJ, Holmes S (2014) Waste not, want not: why rarefying microbiome data is 
inadmissible. PLOS Comput Biol 10:e1003531. doi: 
10.1371/journal.pcbi.1003531 
Meiser A, Bálint M, Schmitt I (2014) Meta-analysis of deep-sequenced fungal 
communities indicates limited taxon sharing between studies and the presence of 
biogeographic patterns. New Phytol 201:623–635. 
Mueller GM, Schmit JP (2007) Fungal biodiversity: what do we know? What can we 
predict? Biodivers Conserv 16:1–5. 
Mullin LP, Sillett SC, Koch GW, et al (2009) Physiological consequences of height-
related morphological variation in Sequoia sempervirens foliage. Tree Physiol 
29:999–1010. 
Nemergut DR, Schmidt SK, Fukami T, et al (2013) Patterns and processes of microbial 
community assembly. Microbiol Mol Biol Rev 77:342–356. doi: 
10.1128/MMBR.00051-12 
Nguyen NH, Smith D, Peay K, Kennedy P (2015) Parsing ecological signal from noise in 
next generation amplicon sequencing. New Phytol 205:1389–1393. 
Oksanen J, Kindt R, Legendre P, et al (2007) The vegan package. Community Ecol 
Package 631–637. 
Oldham AR, Sillett SC, Tomescu AMF, Koch GW (2010) The hydrostatic gradient, not 
light availability, drives height-related variation in Sequoia sempervirens 
(Cupressaceae) leaf anatomy. Am J Bot 97:1087–1097. doi: 10.3732/ajb.0900214 
Osono T, Mori A (2004) Distribution of phyllosphere fungi within the canopy of giant 
dogwood. Mycoscience 45:161–168. 
	 93	
Peay KG, Schubert MG, Nguyen NH, Bruns TD (2012) Measuring ectomycorrhizal 
fungal dispersal: macroecological patterns driven by microscopic propagules. Mol 
Ecol 21:4122–4136. doi: 10.1111/j.1365-294X.2012.05666.x 
R Core Team (2015) R Core Team.  
Robinson MD, McCarthy DJ, Smyth GK (2010) edgeR: a Bioconductor package for 
differential expression analysis of digital gene expression data. Bioinformatics 
26:139–140. doi: 10.1093/bioinformatics/btp616 
Robinson MD, Oshlack A (2010) A scaling normalization method for differential 
expression analysis of RNA-seq data. Genome Biol 11:1. doi: 10.1186/gb-2010-
11-3-r25 
Rodriguez R, White Jr J, Arnold A, Redman R (2009) Fungal endophytes: diversity and 
functional roles. New Phytol 182:314–330. 
Rollinger JL, Langenheim JH (1993) Geographic survey of fungal endophyte community 
composition in leaves of coastal redwood. Mycologia 149–156. 
Saikkonen K, Mikola J, Helander M (2015) Endophytic phyllosphere fungi and nutrient 
cycling in terrestrial ecosystems. Curr Sci 00113891 109:121. 
Saunders M, Kohn LM (2009) Evidence for alteration of fungal endophyte community 
assembly by host defense compounds. New Phytol 182:229–238. 
Scholtysik A, Unterseher M, Otto P, Wirth C (2013) Spatio-temporal dynamics of 
endophyte diversity in the canopy of European ash (Fraxinus excelsior). Mycol 
Prog 12:291–304. 
Shaw DC (2004) Vertical organization of canopy biota. Elsevier Academic Press: 
Amsterdam, The Netherlands 
	 94	
Sridhar KR, Rai M, Bridge PD (2009) Fungi in the tree canopy: an appraisal. CABI 
Stone JK, Carroll GC, Sherwood MA (1996) Canopy microfungi: function and diversity.  
Taylor DL, Hollingsworth TN, McFarland JW, et al (2014) A first comprehensive census 
of fungi in soil reveals both hyperdiversity and fine-scale niche partitioning. Ecol 
Monogr 84:3–20. 
Tedersoo L, Anslan S, Bahram M, et al (2015) Shotgun metagenomes and multiple 
primer pair-barcode combinations of amplicons reveal biases in metabarcoding 
analyses of fungi. MycoKeys 10, 10:1–43. doi: 10.3897/mycokeys.10.4852 
Tedersoo L, Lindahl B (2016) Fungal identification biases in microbiome projects. 
Environ Microbiol Rep. doi: 10.1111/1758-2229.12438 
Unterseher M, Otto P, Morawetz W Species richness and substrate specificity of 
lignicolous fungi in the canopy of a temperate, mixed deciduous forest. Mycol 
Prog 4:117–132. doi: 10.1007/s11557-006-0115-7 
Unterseher M, Reiher A, Finstermeier K, et al (2007) Species richness and distribution 
patterns of leaf-inhabiting endophytic fungi in a temperate forest canopy. Mycol 
Prog 6:201–212. 
Van Pelt R, Sillett SC, Kruse WA, et al (2016) Emergent crowns and light-use 
complementarity lead to global maximum biomass and leaf area in Sequoia 
sempervirens forests. For Ecol Manag 375:279–308. doi: 
10.1016/j.foreco.2016.05.018 
Vaz ABM, Fontenla S, Rocha FS, et al (2014) Fungal endophyte β-diversity associated 
with Myrtaceae species in an Andean Patagonian forest (Argentina) and an 
Atlantic forest (Brazil). Fungal Ecol 8:28–36. doi: 10.1016/j.funeco.2013.12.008 
	 95	
Vellend M (2010) Conceptual synthesis in community ecology. Q Rev Biol 85:183–206. 
doi: 10.1086/652373 
W K, C M (2014) Plant traits and taxonomy drive host associations in tropical 
phyllosphere fungal communities1. Botany. doi: 10.1139/cjb-2013-0194 
Weiss SJ, Xu Z, Amir A, et al (2015) Effects of library size variance, sparsity, and 
compositionality on the analysis of microbiome data. PeerJ PrePrints 
White TJ, Bruns T, Lee S, Taylor J (1990) Amplification and direct sequencing of fungal 
ribosomal RNA genes for phylogenetics. PCR Protoc Guide Methods Appl 
18:315–322. 
Whittaker RH (1960) Vegetation of the Siskiyou Mountains, Oregon and California. Ecol 
Monogr 30:279–338. doi: 10.2307/1943563 
Wildman H, Parkinson D (1979) Microfungal succession on living leaves of Populus 
tremuloides. Can J Bot 57:2800–2811. 
Wilson D, Carroll GC (1997) Avoidance of high-endophyte space by gall-forming 
insects. Ecology 78:2153–2163.  
Zimmerman NB, Vitousek PM (2012) Fungal endophyte communities reflect 



















Table 1. Results from sequencing coast redwood needles (ITS 1 locus). Needles were collected from multiple heights in the crown of a single tree at each 
location (6 trees total). OTUs were generated using a 97% clustering threshold. The minimum and maximum number of OTUs and reads recovered in a sample 
for a location are given parenthetically. Species richness was also extrapolated for every sampling position via the Chao 2 estimator using incidence data. Total 
reads are the number of reads output from sequencing. Filtered reads are those that passed filtering. Fungal reads are the number of reads assigned to fungi 
using UTAX and the warcup training set (see main text). Consensus OTU sequences were used as a database for querying of raw reads to assign reads to an 
OTU at a 97% match, hence in some cases there are more fungal reads than there are filtered reads because raw reads that did not pass initial, stringent filtering 
aligned to an OTU at this 97% threshold (see main text for details). 







Low (35) 5 271 (104 – 175) 404 28755 (1407 -12753) 33473 120499 
Mid (69) 5 210 (91 – 122) 316 22592 (2039-7796) 30151 117793 
Upper (93) 5 107 (3 – 71) 186 3507 (12 - 2476) 5894 27671 
Humboldt 
Redwoods SP 
Low (53) 5 323 (38 – 227) 517 18211 (228 - 11473) 17607 69088 
Mid (85) 5 329 (73 – 171) 502 27916 (618 - 11361) 36824 133333 
Upper (108) 5 293 (45 – 190) 421 17724 (740 - 6747) 16032 57967 
Montgomery 
Woods 
Low (40) 3 210  (96 – 131) 306 4211 (723 - 1842) 6727 49666 
Mid (65) 5 339 (107 – 211) 570 14290 (986 - 7054) 43783 169173 
Upper (105) 5 210  (3 – 126) 406 19605 (15 - 8340) 19558 51786 
Jasper Ridge 
Low (2) 5 350 (60 – 245) 447 22888 (839 - 8875) 21149 116016 
Mid (23) 5 211 (22 – 117) 416 50893 (342 - 23804) 29716 114172 
Upper (32) 5 249 (83 – 160) 348 40109 (1767 - 15213) 23348 114194 
Big Basin 
Low (32) 5 476 (107 – 266) 687 34291 (706 - 14751) 53744 171640 
Mid (55) 5 314  (102 – 178) 455 39716 (3163 - 15596) 40716 147526 
Upper (88) 5 302 (38 – 216) 513 17930 (263 - 8267) 16753 107607 
Landels-Hill 
Big Creek 
Low (41) 4 216  (33 – 164) 349 30507 (218 - 23216) 29359 123011 
Mid (50) 5 105  (17 – 77) 161 2987 (114 - 1866) 4942 23555 
Upper (62) 4 180  (44 – 152) 293 26211 (1276 - 16815) 17915 75126 




Table 2. PERMANOVA results assaying degree of vertical stratification in the fungal 
community within surveyed trees. PERMANOVA was conducted separately for each tree using 
Hellinger distance matrices of either rarified presence/absence data or normalized relative 
abundance data (see main text for details).  Analyses were also conducted for only the ten 
percent most abundant OTUs per sample using normalized relative abundance data. For each 
tree surveyed, the fungal assemblage recovered was not homogenous within the tree crown, 
instead different portions of the tree crown harbored different fungi. See Appendix S4 for 
results from a PERMANOVA using height as a continuous predictor variable; results were 
similar to those shown here. 
Site Dataset F R2 P 
Jedidiah Smith Presence/Absence 2.29* 0.28 <0.001* 
Relative abundance 5.22* 0.47 <0.001* 
Most abundant fungi 10.81 0.71 <0.001 
Humboldt 
Redwoods SP 
Presence/Absence 1.92 0.24 <0.001 
Relative abundance 4.59 0.43 <0.001 
Most abundant fungi 7.17 0.54 <0.001 
Montgomery 
Woods 
Presence/Absence 1.67 0.25 <0.001 
Relative abundance 3.55 0.41 0.002 
Most abundant fungi 10.14 0.69 <0.001 
Jasper Ridge Presence/Absence 2.39 0.28 <0.001 
Relative abundance 11.97 0.66 <0.001 
Most abundant fungi 17.67 0.75 <0.001 
Big Basin Presence/Absence 1.73 0.24 <0.001 
Relative abundance 3.66 0.40 <0.001 
Most abundant fungi 5.77 0.51 <0.001 
Landels-Hill 
Big Creek 
Presence/Absence 1.32 0.21 0.01 
Relative abundance 1.66 0.25 0.04 
Most abundant fungi 3.34 0.40 <0.001 








Fig 1. (a) Needles representative of each location in the crown of sampled trees (b) 
Location of redwood trees sampled. State shown is California, located in the Western 
United States of America. 
 
Fig. 2 Analyses of sequence data characterizing the fungal community in coast redwood 
needles. (a) OTU accumulation curves for each tree surveyed. The x-axis denotes number 
of samples. (b) Principle coordinates analysis (PCoA) ordination of samples in terms of 
their fungal complement. Samples were taken from multiple heights within the crown of 
each tree (sampling location denoted by shapes shown in legend). This ordination was 
constructed using presence/absence data for the fungal OTUs in each sample. (c) PCoA 
ordination using relative abundance data for all OTUs (see text for normalization details). 
(d) PCoA ordination of relative abundance data from only the top ten percent most 
abundant OTUs (in terms of read count) per sample.  
 
Fig. 3. Diversity profile plots for each crown location and for each tree. These diversity 
equivalencies were calculated using the numbers equivalents approach to characterizing 
diversity (see main text for details). The x-axis refers to the amount of weight placed on 
the more abundant fungi within the community; with higher orders signifying more 
weight. The y-axis shows the “effective number” of taxa for each crown position in each 
tree. The “effective number” of taxa is the number of equally abundant taxa needed to 
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Appendix S1: Characteristics of sampling locations. Site refers to the 
location of each tree sampled. See main text for details regarding 
sampling protocols. Temperature and precipitation are 30-year normals 






Avg. Annual Precip. (mm) 
Jedidiah Smith 12.01 2028.22 
Humboldt Redwoods SP 12.69 1561.84 
Montgomery Woods 13.24 1265.64 
Jasper Ridge 15.38 733.43 
Big Basin 14.9 1070.6 






































Appendix S2. Analyses of sequence data characterizing the fungal community in coast 
redwood needles while omitting samples with few reads (<500 reads). (a) OTU 
accumulation curves for each tree surveyed. The x-axis denotes number of samples. (b) 
Principle coordinates analysis (PCoA) ordination of samples in terms of their fungal 
complement. Samples were taken from multiple heights within the crown of each tree 
(sampling location denoted by shapes shown in legend). This ordination was constructed 
using presence/absence data for the fungal OTUs in each sample. (c) PCoA ordination 
using relative abundance data for all OTUs (see text for normalization details). (d) PCoA 
ordination of relative abundance data from only the top ten percent most abundant OTUs 
(in terms of read count) per sample.  
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Appendix S4. PERMANOVA results relating degree of vertical stratification in the fungal 
community to sampling height within surveyed trees. PERMANOVA was conducted on 
Hellinger distance matrices of either rarified presence/absence data or normalized relative 
abundance data (see main text for details).  Analyses were also conducted for only the ten 
percent most abundant OTUs per sample using normalized relative abundance data. 
Site Height (m) Dataset F R2 P 
Jedidiah Smith Low (35), Mid(69), Upper (93) 
Presence/Absence 2.66* 0.17 <0.001* 
Relative abundance 5.44* 0.29 <0.001* 
Most abundant 
fungi 6.62 0.40 <0.001 
Humboldt 
Redwoods SP 
Low (53), Mid (85), 
Upper (108) 
Presence/Absence 2.24  0.15 <0.001 
Relative abundance 6.04 0.32 <0.001 
Most abundant 
fungi 8.16 0.39 <0.001 
Montgomery 
Woods 
Low (40), Mid (65), 
Upper (105) 
Presence/Absence 2.10 0.16 <0.001 
Relative abundance 5.21 0.32 <0.001 
Most abundant 
fungi 11.30 0.53 <0.001 
Jasper Ridge Low (2), Mid (23), Upper (32) 
Presence/Absence 2.64 0.17 0.003 
Relative abundance 13.39 0.51 <0.001 
Most abundant 
fungi 17.96 0.58 <0.001 
Big Basin Low (32), Mid (55), Upper (88) 
Presence/Absence 1.88 0.14 <0.001 
Relative abundance 4.69 0.28 <0.001 
Most abundant 
fungi 6.80 0.36 <0.001 
Landels-Hill 
Big Creek 
Low (41), Mid (50), 
Upper (62) 
Presence/Absence 1.35 0.11 0.02 
Relative abundance 1.86 0.14 0.05 
Most abundant 
fungi 3.11 0.22 0.005 







Appendix S5. Mantel correlogram showing distance decay in fungal community 
similarity over several distance classes. None of the correlations shown are supported at p 
< 0.20. The underlying data are normalized relative abundance data converted into 
Hellinger distances coupled with haversine distances between sampled trees (see main 
































Appendix S6. Turnover, a standardized measure of beta-diversity, in the fungal 
community across surveyed trees displayed as a diversity profile plot. Turnover was 
calculated separately for each height in the crown (upper, middle, and lower). All 
sequences from a crown position in a particular tree were pooled and rarified (see main 
text). The diversity order refers to the weight placed on abundant taxa during calculation 
of diversity equivalencies. The higher the diversity order, the more weight placed on 
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Although microbial ecologists are intensely interested in the processes governing 
microbial community assembly, progress has been limited by a lack of studies that span 
multiple spatial scales. We used high throughput sequencing to characterize foliar fungal 
endophyte communities and host plant genetic structure both within, and among, 24 
populations of spotted locoweed (Astragalus lentiginosus) across the Great Basin Desert. 
At both scales, fungal endophyte richness was predicted by variation in the seed-borne, 
heritable fungus, Alternaria fulva, which produces the bioactive alkaloid swainsonine. 
The degree of between-plant turnover in the endophyte community was inversely related 
to host plant inbreeding, average plant size, and the relative abundance of A. fulva. Plant 
size was inversely related to endophyte community richness, both among and within 
populations. The genetic and physical distance between host populations was not 
predictive of the ecological distance between the associated fungal communities. 
Through pairing intensive local- and regional sampling, we uncovered a primacy of 







Understanding the processes that shape the assembly of ecological communities has 
occupied generations of ecologists (Hutchinson 1957, MacArthur and MacArthur 1961, Ricklefs 
1987, Vellend 2010). This body of work has contributed to an appreciation of neutral forces, such 
as dispersal limitation, historical contingency, and ecological drift, and the influence they have on 
community assembly of macro-organisms. Microbial ecologists, on the other hand, have 
traditionally operated under a more deterministic paradigm (Becking 1934), as motivated by the 
putatively high dispersal capacity of microbes. The assumption has been that microbial 
communities are deterministically assembled from a global species pool through filters imposed 
by habitat characteristics. Recent work suggests such a view may be too simplistic (Hanson et al. 
2012, Stegen et al. 2013, Morrison-Whittle and Goddard 2015), but the relative influence of 
deterministic and neutral processes remain unsettled, in part due to a lack of knowledge regarding 
which ecological filters shape microbial communities, and at what scales they operate. The need 
for resolution is particularly pressing when considering the now extensive evidence for reciprocal, 
and consequential, interactions between communities of microbial symbionts and their hosts 
(McFall-Ngai et al. 2013).  
Plants host an array of symbiotic fungi living asymptomatically within their tissues 
(Rodriguez et al. 2009). These fungal endophytes are ubiquitous, hyperdiverse, and may interact 
with their hosts as commensals, parasites, or mutualists (Porras-Alfaro and Bayman 2011). Most 
endophytes occupy only a small portion of available host tissue (Lodge et al. 1996) and inocula 
are transmitted between hosts in air, rain, or by animal vectors (Rodriguez et al. 2009). However, 
some endophytes grow systemically throughout the host and can be transmitted trans-
generationally in seeds (Clay and Schardl 2002, Panaccione et al. 2014). These vertically 
transmitted endophytes can affect host ecology and evolution in myriad ways, including 
modification of gene expression (Mejía et al. 2014) and protection against herbivorous insects 




Previous studies have demonstrated that variation in endophyte community structure can 
reflect filtering by abiotic conditions (e.g. Zimmerman and Vitousek 2012), and interspecific 
differences in plant traits (Kembel and Mueller 2014). However, relatively little is known about 
the influence of conspecific variation in hosts on associated endophyte assemblages. Given that a 
recent meta-analysis suggests that, on average, a quarter of within-community variation in plant 
traits is intraspecific (Siefert et al. 2015), this represents a critical gap in knowledge. Even less is 
known regarding the effect endophytes have on one another, including direct inhibition, 
exploitative competition, or indirect host-mediated effects (Vacher et al. 2016, Agler et al. 2016). 
To disentangle the complexities shaping endophyte communities, studies are needed that span 
multiple scales and simultaneously characterize the filtering effects imposed by other endophytes, 
intraspecific variation in hosts, and abiotic conditions. 
Here we take such an approach using high-throughput sequencing to characterize 
endophyte assemblages both among-, and within-populations of spotted locoweed (Astragalus 
lentiginosus; Fabaceae) in the Great Basin Desert of Western North America (Fig. 1a). Spotted 
locoweed is a widespread forb in the arid West, with over 40 nominal varieties described (Welsh 
2007). These varieties encompass phenotypic variation in growth habit, floral color, and leaf size, 
among other traits (Knaus 2010), and associated genetic variation (Knaus et al. 2005). Spotted 
locoweed is also notable for its relationship with a seed borne, vertically transmitted fungal 
endophyte, Alternaria fulva (Ascomycota: Dothideomycetes: section Undifilum) (Baucom et al. 
2012, Woudenberg et al. 2013, Lawrence et al. 2016). A. fulva synthesizes the alkaloid 
swainsonine (Molyneux and James 1982, Ralphs et al. 2008), which can cause toxicosis in 
mammalian herbivores. “Locoism”, as it is called, is costly, causing over 100 million dollars a 
year in damages to western ranching (Cook et al. 2009b). Using this system, we asked: what is 
the relative importance of abiotic filters, host-associated factors, and interspecific microbial 
interactions on the structure of fungal endophyte communities? Taking advantage of the ease with 




primary question at both regional, and local scales. By operating across spatial scales, this project 
not only addresses a gap in microbial biology, but also addresses a persistent need in ecology for 
studies that encompass potentially neutral and deterministic forces operating within communities 
and across the landscape. 
METHODS 
Sampling locations and protocol 
Spotted locoweed was collected from 24 locations across the Great Basin Desert (Fig. 1a) during 
the summer of 2014. Foliar tissue was sampled from ~15-20 haphazardly selected individuals at 
each location (Table S1). The location of each plant was used to calculate pairwise haversine 
distances between plants and populations. Plant size was represented as the product of the 
maximum width and height of each crown, and the width of the crown perpendicular to the 
distance measured at the crown’s widest point. Plant phenology was categorized as either 
vegetative, flowering, or fruiting. DNA was extracted from three, surface-sterilized, mature 
leaflets from each plant  (see Supplemental Methods). Swainsonine was characterized from air-
dried foliar tissue using LC-MS/MS as per Gardner et al. (2001) (see Supplemental Methods).  
Habitat characterization 
To characterize the climate of each sampling location, temperature and precipitation data from 
1990 onwards were downloaded from PRISM Climate Group (http://prismmap.nacse.org/nn/), 
and annual means were calculated from monthly means. The Palmer Drought Severity Index 
(PDSI; a proxy for long-term moisture availability; Palmer 1965) and the normalized difference 
vegetation index (NDVI; a measure of vegetation coverage and health; Rouse et al. 1974) were 
downloaded from the Climate Engine web application (http://clim-engine.appspot.com/). We 
calculated the mean of the average annual PDSI for each focal location since 1990 and the 
average NDVI for each location from 1982 – 2015 (Landsat 4/5/7/8). Soil data for each site were 
downloaded from the Soil Survey Geographic Database (accessed Aug 16, 2016; available from 




percentage clay, silt, sand, and organic material; CaCO3 concentration; ph; cation exchange 
capacity; and, conductivity. Soil data were reduced using a principle components analysis (PCA; 
prcomp in R; R Core Team 2015). The first principal component explained 73% of the variation 
in the soil data, described a gradient from clayey to sandy soils, and was retained for analyses.  
Characterization of locoweed genetic structure 
To characterize locoweed genetic structure we sequenced and analyzed a reduced representation 
library using a genotyping by sequencing (GBS) method described by Gompert et al. (2012) and 
Parchman et al. (2012). Briefly, this method involves restriction endonuclease digestion of total 
genomic DNA, bar coded adaptor ligation, and sequencing of the resulting fragments on the 
Illumina platform. Sequenced reads were aligned into homologous regions, rigorously filtered to 
remove possible non-host sequences, and single-nucleotide polymorphism (SNP) genotypes 
estimated for each sample (see Supplemental Methods for details). To summarize genetic 
structure among all individuals, we executed a PCA on genotype estimates using the prcomp 
function in R. We characterized genetic divergence among populations with Nei’s D (Nei 1972). 
Genetic distance between populations was calculated as the mean pairwise distance between all 
individuals from both populations. For each population, inbreeding coefficients (FIS) were 
calculated using a script written by Eva Chan (https://github.com/ekfchan/ evachan.org-Rscripts).  
Fungal DNA processing and analysis 
 The internal transcribed spacer 1 (ITS1) locus was used to characterize fungal 
assemblages (Lindahl et al. 2013). Library preparation was performed by GSAF using a nested 
PCR approach. The ITS1 region was targeted using the ITS-1F and ITS-2 primers (White et al. 
1990). For full PCR conditions and library preparation details see the Supplemental Methods. 
Paired-end (2 x 250) sequencing was conducted on the Illumina MiSeq platform at the University 
of Texas Genome Sequencing and Analysis Facility (GSAF). Samples were split between two 
flow cells with half of each population randomly assigned to either flowcell. The initial portions 




for all downstream analyses (as recommended by Nguyen et al. 2015). Reads with more than a 
single expected base calling error were removed using USEARCH v9.2.64 (Edgar and Flyvbjerg 
2015). Duplicate sequences were removed and sequences were assigned to an operational 
taxonomic unit using UNOISE2 in USEARCH (Edgar 2016a). This algorithm identifies OTUs 
differing by as little as a single nucleotide, and thus provides much higher resolution than OTU 
clustering methods that bin sequences by similarity. UNOISE also finds and removes chimeric 
sequences. We repeated analyses using the traditional approach of merging paired-end reads and 
clustering them into OTUs using a 97% similarity threshold. Results were qualitatively very 
similar to those presented here, and are not discussed further. OTUs were assigned a taxonomic 
status using the SINTAX algorithm (Edgar 2016b) and the UNITE training set (accessed May 3, 
2017; Kõljalg et al. 2005). Sequences of OTUs that were assigned to fungi with ≥ 80% 
confidence were used to query unfiltered reads. The number of reads that matched an OTU 
sequence at 100% similarity was summed to obtain counts for each OTU. To determine which 
OTUs were A. fulva, OTUs were aligned to GenBank accession JX827264.1 using BLAST. 
Because A. fulva relative abundance was a predictor variable of interest, OTUs matching this 
accession were omitted from all downstream calculations of response variables characterizing 
fungal communities (i.e. diversity, richness, etc.). For additional details regarding sequence 
generation and processing, including analyses confirming no influence of contamination, see the 
Supplemental Methods. 
To account for variation in sequencing depth across samples, read counts were 
normalized using the trimmed mean of log expression ratios (TMM) approach with the edgeR 
package in R (Robinson et al. 2010). This method represents read counts in relative terms while 
accounting for the inherently greater variation in samples with greater sequencing depth. Read 
counts were then Hellinger standardized and Euclidean distances between all samples were 
calculated to generate a Hellinger distance matrix (Legendre and Gallagher 2001). A distance 




matrix calculation, occurrence data were rarified to 1,000 reads using rrarefy in the vegan R 
package (Oksanen et al. 2016). Rarefaction is necessary for occurrence data because during TMM 
normalization rare taxa are down weighted, but still remain in the data. Therefore, if data are 
converted to binary values, then the influence of varying library size will no longer have been 
minimized. Fungal distance matrices were visualized using metric multidimensional scaling 
(MDS; also called principle coordinates analysis) conducted using cmdscale in vegan. The final 
ordination was overlain with contour lines corresponding to variation in plant size (whose 
influence was determined from downstream analyses) using a general additive model 
implemented by ordisurf in vegan.  
 Fungal diversity was calculated using a numbers equivalent approach, which describes 
diversity in terms of “effective numbers” of taxa (Jost 2006). Fungal gamma diversity and 
“turnover” (Jost 2007) among plants at each population were represented using Simpson’s 
diversity equivalent. Diversity metrics were calculated using the vegetarian and hierDiversity R 
packages (Charney and Record 2012, Marion et al. 2015). Additionally, average fungal richness 
within plants was calculated for each population. The average Jaccard distance between all plants 
within a population was calculated as an occurrence-based analogue to turnover.  
Analyzing patterns in fungal diversity 
We used multiple regression to investigate the predictors of fungal richness, diversity, and 
average between-plant turnover among locoweed populations. Model selection was performed 
using the leaps R package (Lumley 2017) using a best subset approach with the adjusted r2 as the 
model performance criterion. All aforementioned, z-standardized biotic and abiotic variables 
were considered during model selection, along with the proportion of plants sampled at a 
population that were fruiting (as a measure of population phenology). After a model was chosen, 
variance inflation factors were calculated using the car R package (Fox and Weisberg 2011). 
Collinear variables were substituted for one another and Akaike’s information criterion (AIC) and 




volume, and area sampled were included in all models as statistical controls. We partitioned the 
variance explained in the response among predictors using the calc.relimp function (“lmg” 
metric) of the relaimpo R package (Grömping 2006). 
At the scale of individual plants within populations, we used Bayesian hierarchical linear 
modeling to examine the influence of phenological state (categorical), plant volume, and either A. 
fulva relative abundance, or swainsonine concentration on fungal diversity and richness. This 
hierarchical approach allowed us to account for the nestedness of plants within populations while 
quantifying the effect of predictor variables at each population. Modeling was performed using 
rjags v3-15 (Plummer 2015). For model specification see Supplemental Methods. Mean values of 
posterior probability distributions were used as point estimates for beta coefficients.  
Modeling fungal community dissimilarity 
We characterized fungal community dissimilarity at two scales: between-population dissimilarity 
(based on population averages) and within-population dissimilarity (based on data from 
individual plants). Between-population differences in fungal communities were calculated as the 
average pairwise distance between the fungal communities at different locations. To model these 
average distances between populations, we used multiple regression on distance matrices 
implemented via the MRM function in the ecodist R package (Goslee and Urban 2007). The 
response matrix was permuted 5,000 times, and beta coefficients of predictor variables extracted 
at each iteration. The significance of a model term was the proportion of those beta coefficients 
equal to, or more extreme than, the coefficient generated using the unpermutted response matrix 
(Lichstein 2007). For this analysis, Euclidean distance matrices were created for each of the 
aforementioned z-standardized, abiotic variables, as well as latitude, collection date, area 
surveyed, percentage of plants fruiting, mean plant volume, mean A. fulva relative abundance 
(Hellinger standardized and TMM normalized), and mean within-population swainsonine 
concentration. Model selection was performed as described above, with distance matrices for 




 To analyze within-population dissimilarity in fungal assemblages, we used a hierarchical 
linear modeling approach within a Bayesian framework implemented as described above. We 
created separate distance matrices for each population for fungal community distance (Hellinger 
for relative abundance data; Jaccard for occurrence data), genetic (Nei’s D) and physical distance, 
and plant size.  
RESULTS 
Fungal sequencing and spotted locoweed population genetic structure 
Sequencing resulted in 4,341,518 reads representing 287 fungal OTUs (for OTU table see 
Supplemental Data). Fungal diversity, richness, and between-plant turnover varied among 
locoweed populations across the Great Basin (Fig. 1bc). The Ascomycota (136 OTUs) and 
Basidiomycota (124 OTUs) were both well represented, with the Agaricomycetes (125 OTUs) 
and Dothideomycetes (37 OTUs) being the richest fungal classes (Fig. S1). Six OTUs were 
assigned to Alternaria fulva (3,045,290 reads in total). The relative abundance of A. fulva varied 
among populations, but was recovered from all locations (Fig. 1d). The second most abundant 
fungus was assigned to Leveillula taurica (2 OTUs). This fungus was also recovered from all 
populations, but was only abundant at three locations. L. taurica, a powdery mildew 
(Erysiphaceae), is a plant pathogen that infects leaves and that can grow endophytically in many 
plant taxa, including other Astragalus species (Palti 1971, Correll et al. 1987). MDS ordination of 
fungal occurrence data revealed differentiation among individuals in terms of their fungal 
communities was associated with plant size (Fig. 1g). MDS ordination of relative abundance data 
showed that the fungal community recovered from vars. piscinensis, and stramineus, and a single 
population each of var. salinus and var. kennedyi differed from other A. lentiginosus varieties, but, 
otherwise, varieties overlapped in ordination space (Fig. 1h).  
For each locoweed individual sequenced, genotype likelihood estimates were determined 
for 13,366 SNPs; the average sequencing coverage depth at these loci was 8.07 reads per locus, 




population genetic structure (Fig. 1f). Principle components 1 and 2 respectively explained 9.0% 
and 5.6% of the variance in genotype likelihoods (which is typical for such data); samples from 
different geographic areas and varieties clustered together and many formed non-overlapping 
clusters. Pairwise Nei’s D calculated between populations ranged from 0.033 to 0.059, with a 
mean of 0.044.  
Patterns in A. fulva abundance and swainsonine concentration 
While A. fulva was present in all spotted locoweed populations, swainsonine was not detected 
within some varieties (Fig. 1e, Fig. S2), which is consistent with previous reports (Cook et al. 
2016). However, A. fulva relative abundance and swainsonine concentration were positively 
correlated (Spearman’s rank correlation on population averages, rho = 0.59, p < 0.01; Cook et al. 
2009a, 2011). At the individual plant level, neither phenological state, nor plant volume predicted 
A. fulva relative abundance (Table S2).  
Correlates of fungal richness, diversity, and turnover 
Multiple regression revealed that fungal richness was greater in populations with less A. fulva 
(Table 1; Fig 2a) that were comprised of smaller plants (Fig. 2b), and that were collected earlier 
in the season. When analyses were repeated using only data from those populations with 
swainsonine and high relative abundance of A. fulva, swainsonine concentration was a significant 
predictor of fungal richness (Fig. S3). Swainsonine was also inversely related to richness at the 
individual plant scale (Fig. 2j). Fungal diversity was inversely related to host plant size, and was 
greater in populations with more flowering stems (Table 1; Fig. 2de). Turnover (Simpson’s 
equivalent) was greatest in less inbred populations, with smaller plants, and that were sampled 
later in the year. Occurrence-based turnover was greatest in populations with a high relative 
abundance of A. fulva, with smaller plants, and which experienced cooler temperatures (Fig. 2g-i). 
The significance of the effect of plant size on diversity and turnover was the result of an outlier 
population from the Southern portion of the sampling area (var. stramineus). This population had 




When analyses were repeated without this population, plant volume was not a significant 
predictor of fungal diversity and turnover, though it remained a significant predictor of richness, 
and the directionality of effect remained consistent in all analyses. At the individual plant scale, 
fungal richness declined with plant volume for all populations surveyed (Fig. 2k), though credible 
intervals for this effect did overlap zero. Additionally, the effect of plant volume was apparent in 
the structuring of a MDS ordination (Fig. 1g). 
Predictors of fungal community dissimilarity 
The predictors of fungal community dissimilarity proved difficult to uncover at any scale. 
Between-population dissimilarity in fungal endophyte communities was significantly associated 
with differences in plant size when including the outlier var. stramineus population in the analysis, 
but this relationship was not apparent when excluding this population (Table S3). Plant size was 
not predictive of within-population dissimilarity in fungal assemblages (Table S4). At both spatial 
scales, the influence of host genetic and physical distance on fungal community dissimilarity was 
weak. Neither swainsonine, nor A. fulva, were significant predictors of community dissimilarity at 
either scale. Additionally, while temperature, precipitation, and soil variation vary dramatically 
within the study area, none were significant predictors of between-population fungal community 
dissimilarity.  
DISCUSSION 
Distinct endophyte assemblages have repeatedly been found in association with different 
host species and from different habitats or climates (e.g. U’Ren et al. 2012, Zimmerman and 
Vitousek 2012), suggesting that endophyte communities are deterministically assembled from 
regional or global pools. However, we still know relatively little about the influence of 
intraspecific host variation on endophyte communities, and even less regarding how dominant 
microbes may shape community assembly (Vacher et al. 2016, Agler et al. 2016, Christian et al. 
2017). This gap in knowledge is partly due to the methodological challenge of accurately 




taking advantage of a system possessing a sequencing-independent metric of the abundance of the 
dominant microbe (swainsonine), which also represents a potential mechanism mediating fungal 
interactions. In addition, we used stringent rarefaction and normalization methods during analyses, 
and we omitted reads from Alternaria fulva, the dominant, heritable fungus, when calculating 
fungal richness and diversity. Moreover, we obtained similar results when substituting 
swainsonine for A. fulva relative abundance as a predictor variable in models. Our analyses 
demonstrate that increased relative abundance of A. fulva is associated with reduced fungal 
richness and increased swainsonine production. Both of these results are in line with expectations, 
as previous culture-based surveys generated very few fungi from A. lentiginosus plants colonized 
by A. fulva (Daniel Cook, unpublished data) and swainsonine has previously been reported to 
positively covary with A. fulva abundance (Grum et al. 2012).  
The results reported here are one of the most comprehensive and geographically 
widespread surveys of intraspecific plant variation and fungal communities. We find multiple 
filters that affect fungal colonization and persistence, with a primacy for the dominant microbe as 
a filter at both regional and local scales.  While the negative relationship between A. fulva and the 
rest of the fungal community is clear, the mechanism of interaction is not yet understood.  It is 
possible that A. fulva may affect the host phenotype in a way that hinders colonization of host 
tissue by other fungi. Indeed, in other systems endophytes have been found to elicit shifts in the 
host immune response leading to pathogen resistance (Arnold et al. 2003, Mejía et al. 2014, 
Busby et al. 2015). Alternatively, perhaps A. fulva is a superior competitor for space, 
photosynthate, or other limiting resources in planta as compared with other more generalized 
fungi, which may be less adapted to A. lentiginosus. Finally, perhaps the alkaloid produced by A. 
fulva, swainsonine, may directly inhibit growth of other fungi that come in contact with hyphae of 
A. fulva. Swainsonine prevents the action of alpha-mannosidases (Molyneux and James 1982), 
which occur in numerous fungi (Eades and Hintz 2000) and are important for polysaccharide 




Previously, the A. fulva-locoweed interaction (including locoweed taxa belonging to both 
Astragalus and Oxytropis) had been characterized as a commensalism (Creamer and Baucom 
2013), because of the lack of obvious antagonistic effects on locoweeds from fungi, and because 
swainsonine does not deter at least some herbivorous insects which specialize on locoweeds 
(Richerson 1992; Thompson 1995; Parker 2008). However, our results suggest the locoweed-A. 
fulva interaction may more resemble a mutualism, with A. fulva benefiting its host through 
constriction of endophyte richness, which should limit host exposure to pathogens (Porras-Alfaro 
and Bayman 2011). Indeed, in a culture-based survey of the endophytes of Astragalus variabilis 
and Oxytropis glabra, abundance of Alternaria section Undifilum fungi was negatively correlated 
with pathogen abundance (Lu et al. 2017). However, the putative mutualism between Alternaria 
section Undifilum and locoweeds should be confirmed via documentation of positive effects of 
colonization on locoweed fitness in an experimental, field setting. 
 While we recovered evidence for considerable genetic structure in spotted locoweed, host 
genetic distance did not predict fungal community dissimilarity at any scale. Previous studies 
have reported an effect of host genotype on fungal communities (Whipps et al. 2008, Bálint et al. 
2015, Lamit et al. 2015). However, the few studies that have quantified genetic distance between 
hosts and attempted to link genetic divergence to dissimilarity in the associated microbial 
community have been contradictory. Cordier et al. (2012) report divergence of foliar endophyte 
communities with host genetic distance in a study of beech trees, while no effect was found in 
spruce trees (Eusemann et al. 2016). Both of these studies were conducted at a single site. In 
contrast, our study spans the Great Basin, and uses a host with strong population genetic structure, 
and yet we found no evidence for the effect of host genetic divergence on endophyte communities. 
While this finding does not rule out the possibility of linked evolutionary history between 
locoweed and individual endophytes, it does confirm a lack of community-wide codivergence 




 Given past reports of Astragalus spp. genome size (1C: ~1-2; Samad et al. 2014), the 
marker density of our dataset is likely around 1 SNP per 50-80 kb, and thus not ideal for locus 
specific analyses of potentially functional divergence. This does not, however, negate the efficacy 
of our dataset for describing genetic divergence among locoweed populations, or for testing the 
hypothesis that endophyte communities are structured by intraspecific host divergence. We 
suggest that future studies should examine divergence in host genes thought to influence fungal 
colonization and persistence, as they may be better predictors of endophyte community 
dissimilarity.  
 While genetic distance was not an important predictor in our analyses, we report that 
inbreeding led to greater between-plant, fungal turnover. Inbred populations might encompass 
less phenotypic variation, and, thus could represent less heterogeneous endophyte habitat, 
reducing between-plant turnover. Alternatively, more inbred populations may have experienced 
greater ecological drift than larger, less inbred, populations, which represent larger inoculum 
sources that could promote retention of fungi in the plant population.  
 We observed a negative association between plant size and fungal richness at both the 
individual plant and population scale. This association was surprising since size increases with 
age, which would give more time for endophytes to colonize tissues. Indeed, for many plants, age 
has been correlated with increased endophyte load (Wilson 2000). Our result could be due to 
inhibition of plant growth by endophytes, shifts in plant phenotype through ontogeny that 
influence endophyte communities, or more simply, could be due to a positive association between 
plant growth rate and size. Quickly growing plants may be less densely colonized by endophytes, 
because of the young average age of their tissues. 
Strikingly, we observed almost no geographic distance decay in endophyte community 
similarity at any scale. This result contrasts with many previous studies of endophyte 
communities. For instance, Higgins et al. (2014) documented a decline to <10% similarity in 




distance decay among endophyte communities of spruce trees within tens of meters. After 
accounting for variation in deterministic factors, a decline in community similarity with 
geographic distance is evidence for the importance of dispersal limitation and neutral processes 
operating at local scales (i.e. ecological drift). Thus, our results are consistent with the possibility 
that locoweed endophyte communities are primarily shaped via deterministic filtering of a 
regional, fungal species pool. Our findings suggest that other studies should include a more 
comprehensive range of potentially-important causal factors, including robust characterization of 
host traits and within-population genetic variation, before inferring the importance of distance 
decay and dispersal limitation, since distance might be confounded with other, often unmeasured, 
environmental or host-related variables. 
Conclusion 
Microbial ecologists have traditionally focused on characterizing the abiotic factors, and 
host-associations that filter microbial taxa from regional species pools. Our study adds to the 
emerging perspective that, in addition to these filters, biotic interactions among microbes 
fundamentally affect microbial community assembly. Just as keystone species disproportionately 
influence communities of macro-organisms, we report that a dominant, heritable, plant-associated 
fungus mediates assembly of co-occurring symbiotic fungi at both regional and local scales. 
Moving forward, exploring how dominant microbes in other systems interact with their hosts, and 
one another, to shape the symbiotic milieu, affords an opportunity to begin disentangling the 
complexity of the microbial world and for making conceptual and theoretical connections 
between macroscopic and microscopic communities. 
ACKNOWLEDGEMENTS 
Thanks to Stanley Welsh and Arnold Tiehm for assistance with identification of Astragalus 
specimens; to Betsy Arnold and Jana U’Ren for advice regarding sample storage and preparation; 
to the Arnold lab for helpful comments on this work; to Tom Dilts for assistance compiling 




Additional thanks goes to three anonymous reviewers for comments on a previous draft of this 
manuscript. This research was aided by grants from the United States Fish and Wildlife Service, 
the National Science Foundation (DEB-1050726 and DEB-1638793 to M. L. F.), the Nevada 
Native Plant Society, and the Sonoma County Mycological Association. M. L. F. was also 
supported in part by a Trevor James McMinn professorship and J. G. H. by the Steve and Kathie 
Jenkins Graduate Fellowship in Ecology. 
LITERATURE CITED 
Agler, M. T., J. Ruhe, S. Kroll, C. Morhenn, S.-T. Kim, D. Weigel, and E. M. Kemen. 
2016. Microbial Hub Taxa Link Host and Abiotic Factors to Plant Microbiome 
Variation. PLOS Biology 14:e1002352. 
Arnold, A. E., L. C. Mejía, D. Kyllo, E. I. Rojas, Z. Maynard, N. Robbins, and E. A. 
Herre. 2003. Fungal endophytes limit pathogen damage in a tropical tree. 
Proceedings of the National Academy of Sciences 100:15649–15654. 
Bálint, M., L. Bartha, R. B. O’Hara, M. S. Olson, J. Otte, M. Pfenninger, A. L. 
Robertson, P. Tiffin, and I. Schmitt. 2015. Relocation, high-latitude warming and 
host genetic identity shape the foliar fungal microbiome of poplars. Molecular 
ecology 24:235–248. 
Baucom, D. L., M. Romero, R. Belfon, and R. Creamer. 2012. Two new species of 
Undifilum, fungal endophytes of Astragalus (locoweeds) in the United States. 
Botany 90:866–875. 
Becking, B. 1934. Geobiologie of inleiding tot de milieukunde. W.P. Van Stockum & 
Zoon, The Hague, the Netherlands. 
Busby, P. E., M. Ridout, and G. Newcombe. 2015. Fungal endophytes: modifiers of plant 




Charney, N., and S. Record. 2012. vegetarian: Jost Diversity Measures for Community 
Data. R package version 1.2. 
Choi, J., K.-T. Kim, J. Jeon, and Y.-H. Lee. 2013. Fungal plant cell wall-degrading 
enzyme database: a platform for comparative and evolutionary genomics in fungi 
and Oomycetes. BMC Genomics 14:S7. 
Christian, N., E. A. Herre, L. C. Mejia, and K. Clay. 2017. Exposure to the leaf litter 
microbiome of healthy adults protects seedlings from pathogen damage. Proc. R. 
Soc. B 284:20170641. 
Clay, K., and C. Schardl. 2002. Evolutionary Origins and Ecological Consequences of 
Endophyte Symbiosis with Grasses. The American Naturalist 160:S99–S127. 
Cook, D., D. R. Gardner, D. Grum, J. A. Pfister, M. H. Ralphs, K. D. Welch, and B. T. 
Green. 2011. Swainsonine and endophyte relationships in Astragalus mollissimus 
and Astragalus lentiginosus. Journal of Agricultural and Food Chemistry 
59:1281–1287. 
Cook, D., D. R. Gardner, S. T. Lee, J. A. Pfister, C. A. Stonecipher, and S. L. Welsh. 
2016. A swainsonine survey of North American Astragalus and Oxytropis taxa 
implicated as locoweeds. Toxicon 118:104–111. 
Cook, D., D. R. Gardner, M. H. Ralphs, J. A. Pfister, K. D. Welch, and B. T. Green. 
2009a. Swainsoninine concentrations and endophyte amounts of Undifilum 
oxytropis in different plant parts of Oxytropis sericea. Journal of Chemical 
Ecology 35:1272. 
Cook, D., M. Ralphs, K. Welch, and B. Stegelmeier. 2009b. Locoweed poisoning in 




Cordier, T., C. Robin, X. Capdevielle, M.-L. Desprez-Loustau, and C. Vacher. 2012. 
Spatial variability of phyllosphere fungal assemblages: genetic distance 
predominates over geographic distance in a European beech stand (Fagus 
sylvatica). Fungal Ecology 5:509–520. 
Correll, J. C., T. R. Gordon, and V. J. Elliott. 1987. Host range, specificity, and 
biometrical measurements of Leveillula taurica in California. Plant Disease 
71:248–251. 
Creamer, R., and D. Baucom. 2013. Fungal endophytes of locoweeds: a commensal 
relationship? Journal of Plant Physiology and Pathology 1. 
Eades, C. J., and W. E. Hintz. 2000. Characterization of the α-mannosidase gene family 
in filamentous fungi: N-glycan remodelling for the development of eukaryotic 
expression systems. Biotechnology and Bioprocess Engineering 5:227. 
Eusemann, P., M. Schnittler, R. H. Nilsson, A. Jumpponen, M. B. Dahl, D. G. Würth, A. 
Buras, M. Wilmking, and M. Unterseher. 2016. Habitat conditions and 
phenological tree traits overrule the influence of tree genotype in the needle 
mycobiome–Picea glauca system at an arctic treeline ecotone. New Phytologist 
211:1221–1231. 
Fox, J., and S. Weisberg. 2011. An R Companion to Applied Regression. Sage. 
Gardner, D. R., R. J. Molyneux, and M. H. Ralphs. 2001. Analysis of swainsonine: 
extraction methods, detection, and measurement in populations of locoweeds 




Gompert, Z., L. K. Lucas, C. C. Nice, J. A. Fordyce, M. L. Forister, and C. A. Buerkle. 
2012. Genomic regions with a history of divergent selection affect fitness of 
hybrids between two butterfly species. Evolution 66:2167–2181. 
Goslee, S. C., and D. L. Urban. 2007. The ecodist package for dissimilarity-based 
analysis of ecological data. Journal of Statistical Software:1–19. 
Gromping, U. 2006. Relative importance for linear regression in R: the package relaimpo. 
Journal of Statistical Software 17. 
Grum, D. S., D. Cook, D. R. Gardner, J. M. Roper, J. A. Pfister, and M. H. Ralphs. 2012. 
Influence of seed endophyte amounts on swainsonine concentrations in 
Astragalus and Oxytropis locoweeds. Journal of Agricultural and Food Chemistry 
60:8083–8089. 
Hanson, C. A., J. A. Fuhrman, M. C. Horner-Devine, and J. B. H. Martiny. 2012. Beyond 
biogeographic patterns: processes shaping the microbial landscape. Nature 
Reviews Microbiology 10:497–506. 
Hill, M. O. 1973. Diversity and evenness: a unifying notation and its consequences. 
Ecology 54:427–432. 
Hutchinson, G. E. 1957. Concluding remarks. Cold Spring Harbor Symposia on 
Quantitative Biology 22:415–427. 
Jost, L. 2006. Entropy and diversity. Oikos 113:363–375. 
Jost, L. 2007. Partitioning diversity into independent alpha and beta components. 
Ecology 88:2427–2439. 
Kembel, S. W., and R. C. Mueller. 2014. Plant traits and taxonomy drive host 




Knaus, B. J. 2010. Morphometric architecture of the most taxon-rich species in the U.S. 
flora: Astragalus lentiginosus (Fabaceae). American Journal of Botany 97:1816–
1826. 
Knaus, B. J., R. C. Cronn, and A. Liston. 2005. Genetic characterization of three varieties 
of Astragalus lentiginosus (Fabaceae). Brittonia 57:334–344. 
Lamit, L. J., P. E. Busby, M. K. Lau, Z. G. Compson, T. Wojtowicz, A. R. Keith, M. S. 
Zinkgraf, J. A. Schweitzer, S. M. Shuster, and C. A. Gehring. 2015. Tree 
genotype mediates covariance among communities from microbes to lichens and 
arthropods. Journal of Ecology 103:840–850. 
Lawrence, D. P., F. Rotondo, and P. B. Gannibal. 2016. Biodiversity and taxonomy of the 
pleomorphic genus Alternaria. Mycological Progress 15:3. 
Legendre, P., and E. D. Gallagher. 2001. Ecologically meaningful transformations for 
ordination of species data. Oecologia 129:271–280. 
Lindahl, B. D., R. H. Nilsson, L. Tedersoo, K. Abarenkov, T. Carlsen, R. Kjøller, U. 
Kõljalg, T. Pennanen, S. Rosendahl, J. Stenlid, and H. Kauserud. 2013. Fungal 
community analysis by high-throughput sequencing of amplified markers – a 
user’s guide. New Phytologist 199:288–299. 
Lodge, D. J., P. Fisher, and B. Sutton. 1996. Endophytic fungi of Manilkara bidentata 
leaves in Puerto Rico. Mycologia:733–738. 
Lu, H., H. Quan, Q. Zhou, Z. Ren, R. Xue, B. Zhao, and R. Creamer. 2017. Endogenous 
fungi isolated from three locoweed species from rangeland in western China. 




Lumley, T. 2017. leaps: Regression Subset Selection. R package version 3.0. Based on 
Fortran code by Alan Miller. https://CRAN.R-project.org/package=leaps. 
MacArthur, R. H., and J. W. MacArthur. 1961. On bird species diversity. Ecology 
42:594–598. 
Marion, Z., J. Fordyce, B. Fitzpatrick, and M. Z. Marion. 2015. Package ‘hierDiversity.’ 
McFall-Ngai, M., M. G. Hadfield, T. C. Bosch, H. V. Carey, T. Domazet-Lošo, A. E. 
Douglas, N. Dubilier, G. Eberl, T. Fukami, S. F. Gilbert, and others. 2013. 
Animals in a bacterial world, a new imperative for the life sciences. Proceedings 
of the National Academy of Sciences 110:3229–3236. 
Mejía, L. C., E. A. Herre, J. P. Sparks, K. Winter, M. N. García, S. A. Van Bael, J. Stitt, 
Z. Shi, Y. Zhang, and M. J. Guiltinan. 2014. Pervasive effects of a dominant foliar 
endophytic fungus on host genetic and phenotypic expression in a tropical tree. 
Frontiers in microbiology 5. 
Molyneux, R. J., and L. F. James. 1982. Loco intoxication: indolizidine alkaloids of 
spotted locoweed (Astragalus lentiginosus). Science 216:190–191. 
Morrison-Whittle, P., and M. R. Goddard. 2015. Quantifying the relative roles of 
selective and neutral processes in defining eukaryotic microbial communities. The 
ISME Journal. 
Nei, M. 1972. Genetic distance between populations. The American Naturalist 106:283–
292. 
Nguyen, N. H., D. Smith, K. Peay, and P. Kennedy. 2015. Parsing ecological signal from 




Oksanen, J., R. Kindt, P. Legendre, B. O’Hara, and M. H. H. Stevens. 2016. vegan: 
community ecology package. 
Palmer, W. 1965. Meteorological Drought. United States of America, Department of 
Commerce, Washington D.C. 
Palti, J. 1971. Biological characteristics, distribution and control of Leveillula taurica 
(Lév.) Arn. Phytopathologia Mediterranea 10:139–153. 
Panaccione, D. G., W. T. Beaulieu, and D. Cook. 2014. Bioactive alkaloids in vertically 
transmitted fungal endophytes. Functional Ecology 28:299–314. 
Parchman, T. L., Z. Gompert, J. Mudge, F. D. Schilkey, C. W. Benkman, and C. A. 
Buerkle. 2012. Genome-wide association genetics of an adaptive trait in 
lodgepole pine: association mapping of serotiny. Molecular Ecology 21:2991–
3005. 
Parker, J. E. 2008. Effects of Insect Herbivory by the Four-lined Locoweed Weevil, 
Cleonidius Trivittatus (say) (Coleoptera: Curculionidae), on the Alkaloid 
Swainsonine in Locoweeds Astragalus Mollissimus and Oxytropis Sericea. New 
Mexico State University. 
Plummer, M. 2015. rjags: bayesian graphical models using MCMC. R package version 3-
15.   https://CRAN.R-project.org/package=rjags. 
Porras-Alfaro, A., and P. Bayman. 2011. Hidden fungi, emergent properties: endophytes 
and microbiomes. Phytopathology 49:291. 
R Core Team. 2015. R Core Team. 
Ralphs, M. H., R. Creamer, D. Baucom, D. R. Gardner, S. L. Welsh, J. D. Graham, C. 




Embellisia spp. and the toxic alkaloid swainsonine in major locoweed species 
(Astragalus and Oxytropis). Journal of Chemical Ecology 34:32–38. 
Richerson, J. 1992. How to cope with an alkaloid: locoweed-insect herbivore-symbiotic 
bacteria interactions. Southwestern Entomologist 17:295–301. 
Ricklefs, R. E. 1987. Community diversity: relative roles of local and regional processes. 
Science 235:167–171. 
Robinson, M. D., D. J. McCarthy, and G. K. Smyth. 2010. edgeR: a Bioconductor 
package for differential expression analysis of digital gene expression data. 
Bioinformatics 26:139–140. 
Robinson, M. D., and A. Oshlack. 2010. A scaling normalization method for differential 
expression analysis of RNA-seq data. Genome Biology 11:1. 
Rodriguez, R., J. White Jr, A. Arnold, and R. Redman. 2009. Fungal endophytes: 
diversity and functional roles. New Phytologist 182:314–330. 
Rouse, J., R. Haas, J. Schell, and D. Deering. 1974. Monitoring vegetation systems in the 
Great Plains with Erts. Third Earth Resources Technology Satellite-1 Symposium 
1. 
Rudgers, J. A., and K. Clay. 2007. Endophyte symbiosis with tall fescue: how strong are 
the impacts on communities and ecosystems? Fungal Biology Reviews 21:107–
124. 
Samad, F. A., A. Baumel, M. Juin, D. Pavon, S. Siljak-Yakovlev, F. Médail, and M. B. 
D. Kharrat. 2014. Phylogenetic diversity and genome sizes of Astragalus 





Siefert, A., C. Violle, L. Chalmandrier, C. H. Albert, A. Taudiere, A. Fajardo, L. W. 
Aarssen, C. Baraloto, M. B. Carlucci, M. V. Cianciaruso, V. de L. Dantas, F. de 
Bello, L. D. S. Duarte, C. R. Fonseca, G. T. Freschet, S. Gaucherand, N. Gross, 
K. Hikosaka, B. Jackson, V. Jung, C. Kamiyama, M. Katabuchi, S. W. Kembel, 
E. Kichenin, N. J. B. Kraft, A. Lagerström, Y. L. Bagousse-Pinguet, Y. Li, N. 
Mason, J. Messier, T. Nakashizuka, J. M. Overton, D. A. Peltzer, I. M. Pérez-
Ramos, V. D. Pillar, H. C. Prentice, S. Richardson, T. Sasaki, B. S. Schamp, C. 
Schöb, B. Shipley, M. Sundqvist, M. T. Sykes, M. Vandewalle, and D. A. Wardle. 
2015. A global meta-analysis of the relative extent of intraspecific trait variation 
in plant communities. Ecology Letters 18:1406–1419. 
Stegen, J. C., X. Lin, J. K. Fredrickson, X. Chen, D. W. Kennedy, C. J. Murray, M. L. 
Rockhold, and A. Konopka. 2013. Quantifying community assembly processes 
and identifying features that impose them. The ISME Journal 7:2069–2079. 
Thompson, D. C., J. L. Knight, T. M. Sterling, and L. W. Murray. 1995. Preference for 
specific varieties of woolly locoweed by a specialist weevil, Cleonidius trivittatus 
(Say). Southwestern Entomologist 20:325–325. 
U’Ren, J. M., F. Lutzoni, J. Miadlikowska, A. D. Laetsch, and A. E. Arnold. 2012. Host 
and geographic structure of endophytic and endolichenic fungi at a continental 
scale. American Journal of Botany 99:898–914. 
Vacher, C., A. Hampe, A. J. Porté, U. Sauer, S. Compant, and C. E. Morris. 2016. The 
phyllosphere: microbial jungle at the plant–climate interface. Annual Review of 




Vellend, M. 2010. Conceptual synthesis in community ecology. The Quarterly review of 
biology 85:183–206. 
Vicente, J. de, R. G. Arrayás, J. Cañada, and J. C. Carretero. 2000. Stereoselective 
synthesis of (-)-swainsonine and 1,2-di-epi-swainsonine from γ-hydroxy-α,β-
unsaturated sulfones. Synlett 2000:53–56. 
Welsh, S. 2007. North American species of’Astragalus’ Linnaeus ('Leguminosae’): a 
taxonomic revision. Brigham Young University. 
Whipps, J. M., P. Hand, D. Pink, and G. D. Bending. 2008. Phyllosphere microbiology 
with special reference to diversity and plant genotype. Journal of Applied 
Microbiology 105:1744–1755. 
White, T. J., T. Bruns, S. Lee, and J. Taylor. 1990. Amplification and direct sequencing 
of fungal ribosomal RNA genes for phylogenetics. In M. A. Innis, D. H. Glefand, 
J. J. Sninsky, and T. J. White [eds.], PCR protocols: A guide to methods and 
applications,. Academic Press, London, UK. 
Wilson, D. 2000. Ecology of woody plant endophytes. Pages 389–420 Microbial 
Endophytes. Marcel Dekker, Inc, New York, NY. 
Woudenberg, J. H. C., J. Z. Groenewald, M. Binder, and P. W. Crous. 2013. Alternaria 
redefined. Studies in Mycology 75:171–212. 
Zimmerman, N. B., and P. M. Vitousek. 2012. Fungal endophyte communities reflect 
environmental structuring across a Hawaiian landscape. Proceedings of the 





Table 1.  Results from multiple regression analysis of patterns in fungal endophyte richness, diversity, and turnover in populations of A. 
lentiginosus. Response variables are in the leftmost column and predictors in subsequent columns. All predictor variables are z-
standardized population averages. Dashes signify unsupported variables that were not included in a model. A. fulva and swainsonine were 
not simultaneously included in models because they were strongly correlated. These variables were substituted for one another in the 
model, and the best performing variable retained.  Percentages are estimates of variance in the response variable explained. The 
significant effect of volume on all response variables, except richness, was due to an outlier population, though the directionality of the 
effect of volume was robust to the exclusion of the outlying population. 
Response 










 Date Survey area Adj. R
2	
Richness  -0.31 (1.3%) – – 
-0.60 
(1.0%) –  
-3.50*** 















– -1.54 (2.5%) 
-1.89 
















































A. fulva rel. 
abund. – – – – 
-0.05 
(6.5%)  – 
0.13* 















Fig. 1. (a) Map of locations and varieties of spotted locoweed (Astragalus lentiginosus) 
sampled. The inset photographs demonstrate the morphological variation encompassed 
by this varietal complex (photos by JGH). Panels (b-e) represent data generated from 
each sampling location, with points scaled proportionally to variation in magnitude of 
measured variables. (b) The numbers equivalent of fungal Simpson’s diversity across 
plants at each sampling location. (c) Average fungal richness among plants at a sampling 
location. (d) Mean relative abundance of A. fulva and (e) mean swainsonine concentration 
at a sampling location. (f-h) Ordinations of fungal communities and locoweed genetic 
variation. Points represent individual plants. (f) Principle components analysis created 
from a Euclidean distance matrix of genotypes at 13,366 SNPs in 508 spotted locoweed 
individuals. (g) MDS ordination of fungal occurrence data. Underlying data are a Jaccard 
distance matrix. Contour lines overlain on the ordination were generated using a 
generalized additive model that fit a smoothed response surface for plant volume (units 
shown are cm3). (h) MDS ordination of fungal relative abundance data.  Underlying data 
are a Hellinger distance matrix calculated from normalized sequence counts. Ellipses are 
95% confidence intervals for the standard error of the centroid for each population.  
 
Fig. 2. Factors shaping fungal communities at the regional, among-population scale (top 
panel; a-i) and at the scale of the individual plant, within populations (bottom panel; j-l). 
Depicted in the top panel are partial regression plots from multiple regression analyses of 
foliar fungal richness (a-c), diversity (Simpson’s equivalent; d-f), and average between-




covariates and coefficients and p values are shown in Table 1. Predictor variables for all 
three models were population averages. Partial regression coefficients and significance 
levels are shown in each plot. The structure of swainsonine is shown in panel (j). 
Analyses were generally robust to exclusion of outliers with the exception of regressing 
the effect of plant volume on fungal diversity (f) and turnover (h). Depicted in the bottom 
panel are the posterior probability distributions for coefficients from a hierarchical linear 
model of fungal richness at the within population scale. Gray lines denote population 
specific coefficients, and black lines denote coefficients estimated across all populations 
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For ease of reference, portions of these methods are duplicated from those 
presented in the main text. 
 
Sampling strategy, surface sterilization and sample storage 
 
Sampling locations were chosen to maximize the number of varieties of A. 
lentiginosus sampled and the geographic range of sampling. Possible sampling 
locations were determined through perusal of location information from 
herbarium specimens at the University of Nevada, Reno herbarium and online 
herbaria records (SEINet http://swbiodiversity.org/seinet/; and the Consortium of 
Pacific Northwest Herbaria http://www.pnwherbaria.org/). Samples were taken 
from haphazardly chosen plants at each sampling location. Obvious 
morphological polymorphisms (such as in flower, or seed pod color) were 
sampled at each location, as were plants of varying size (except obvious 
seedlings). If possible, samples were collected from plants located throughout the 
visible extent of the population. In some cases populations were quite large 
(several km2) and samples were taken from multiple locations within these larger 
regions to avoid only sampling neighboring plants. Sampling occurred from May 
24–July 13, 2014. To statistically account for differences in plant age, collection 
date, plant size (which increases with age) and plant phenological status were 




University laboratory, at which point they were frozen at -20° C until surface 
sterilization and DNA extraction. Sterilization was achieved by submersion with 
constant agitation in 95% ethanol for 30 s, followed by submersion in a 10% 
sodium hypochlorite solution for 2 m, submersion in 70% ethanol for 2 m, and a 
final rinse in deionized water. Sterilized leaves were then kept at -20° C in 
cetyltrimethylammonium bromide pickling solution (recommended in U’Ren et 
al. 2014). 
 
Genotyping by sequencing methods 
 
Genomic DNA was digested using the endonuclease enzymes EcoRI and MseI. 
After digestion, Illumina adaptors and 8-10 bp barcodes were ligated to the 
sticky ended fragments. Barcodes are unique identifiers (differing by at least 4 
bases) used to match reads to individual plant samples. These restriction-ligation 
products were pooled and amplified via PCR using standard Illumina PCR 
primers. Two separate 20 µl reactions were conducted and the products 
combined. PCR conditions were 98° C for 30 s, followed by 30 cycles of 98° C 
for 20 s, 60° C for 30 s, and 72° C for 40 s, followed by a final extension at 72° 
C for 10 m. A final PCR cycle with a long extension step was conducted to 
minimize single-stranded template DNA in the library. Conditions were 98° C 
for 3 m, 60° C for 2 m, and 72° C for 10 m. Library fragments between 350–425 
bases in length were selected using a Pippin Prep (Sage Science) by the Genome 




Sequencing was conducted by GSAF on the Illumina HiSeq 2500 platform (1 x 
100 single-end sequencing; 4 lanes).  
Low quality reads, and those that matched common contaminants (e.g. 
PhiX, human, Escherichia coli) were discarded, and barcodes and Illumina 
adaptors were removed using a custom perl script that matches individual ids to 
barcode sequences, and reads assembled into contigs. In order to construct a 
reference of the genomic regions sampled by our reduced representation libraries 
(GBS reference hereafter), an initial de novo assembly was performed on a 
randomly sampled subset of 40 million reads using SeqMan v3.0.4 (DNASTAR, 
Inc) with a ≥ 95% match percentage and a gap penalty of 30 (full assembly 
parameters are available from the authors on request). Contigs retained for the 
GBS reference were between 84–90 bases in length and contained a minimum of 
10 reads, thus excluding over-assembled contigs or genomic regions represented 
by few reads.  
To account for fungal DNA that could have been present in our reduced 
representation library, the GBS reference was queried against fungal sequence 
collections available from several databases, including the 1000 Fungal Genomes 
Project, a project of the Joint Genomes Institute (accessed Feb 7, 2016; Grigoriev 
et al. 2014), and all archaeal, viral, bacterial, and fungal genomes available from 
the RefSeq database (accessed Feb 21, 2016; Tatusova et al. 2014). We also 
queried Fabaceae chloroplast DNA sequences in the NCBI nucleotide database 
(accessed Feb 9, 2016), to assess the presence of the haploid organellar genome 




any contigs that matched a database accession at 97% or better were removed 
from the reference scaffold (the number of contigs matching each database were 
as follows: 1,430 from the 1000 Fungal Genomes Project (0.6% of the initial 
number of contigs), 26 RefSeq (0.01%), 15,726 Fabaceae cpDNA (6.5%)). The 
resulting reference was comprised of 223,985 contig consensus sequences 
representing the genomic regions sampled by our reduced representation 
approach.  
Reads from each plant were aligned to the reference using the aln and 
samse algorithms of bwa v0.7.8 (Li and Durbin 2009). Single nucleotide 
polymorphisms (SNPs) were identified for loci that were represented by at least 
one sequencing read in ≥ 94% of individuals using samtools v0.1.19  and 
bcftools v0.1.19  (Li et al. 2009). Loci with more than two alleles or where 
the minor allele was only present in fewer than 5% of individuals were excluded 
from analyses. Loci with coverage per individual greater than the 0.75 quantile 
of the coverage distribution were discarded as they likely represent over 
assembly of paralogous regions. Only a single SNP was genotyped for each 
contig to ensure SNPs were independent data points not unduly influenced by 
linkage disequilibrium. Genotype likelihoods for each individual and locus were 
estimated using bcftools. 
 





Library preparation for sequencing of the internal transcribed spacer 1 (ITS1) locus was 
conducted by GSAF. The ITS1 locus is a commonly used “barcode” region for fungal 
diversity because it is highly variable (Lindahl et al. 2013). This locus is between the 
genes encoding for the small and large ribosomal subunits and is transcribed, but spliced 
away prior to ribosome assembly. Prior to library preparation, DNA aliquots from each 
plant were normalized via dilution to 9 ng/µl. A nested PCR approach was used. During 
the first round of PCR the Illumina specific primer sites (Nextera) and the ITS1 locus was 
amplified. Flow cell binding sites and dual indexing barcodes were added in a second 
round of PCR. Both rounds of PCR were performed in triplicate. The ITS1 region was 
targeted using the ITS-1F (5'-CTTGGTCATTTAGAGGAAGTAA-3') and ITS-2 (5'-
TCCTCCGCTTATTGATATGC -3') primers (White et al. 1990). Conditions for the first 
round of PCR were 98° C for 30 s, followed by 12 cycles of 98° C for 30 s, 62° C for 30 
s, 72° C for 30 s, followed by a 5:00 m 72° C elongation period, and a 4° C hold. 
AMPure XP beads were used to purify amplicons (at a ratio of 80% beads to sample). 
PCR products were then subjected to a second round of PCR with the following 
conditions: 98° C for 30 s; followed by 7 cycles of 98° C for 30 s, 62° C for 30 s, 72° C 
for 30 s; followed by a 5:00 m 72° C elongation period, and a 4° C hold. AMPure beads 
were again used to purify PCR products, and products were quantified using qPCR, 
normalized, and checked for adapter contamination using a Bioanalyzer. GSAF used a 
positive control to confirm PCR success. Paired-end (2 x 250) sequencing was conducted 
on the Illumina MiSeq platform. Samples were split between two flow cells–with half of 
each population randomly assigned to either flowcell. 
 The initial portions of sequences were pruned to remove primer-binding regions 
(22 bp). This is necessary because the primer may bind imperfectly to this portion of the 
sequence and thus this region is prone to base calling errors. We used only forward 




regarding the benefits of merging reads versus only using forward reads. Nguyen et al. 
(2015) report the use of forward reads more accurately recovers the diversity of a mock 
fungal community. We repeated all analyses using merged reads and results were 
qualitatively similar and thus are not discussed further. Forward reads were filtered by 
removing all reads with more than a single expected error using USEARCH v9.2.64 
(Edgar and Flyvbjerg 2015). Duplicate sequences were removed and sequences were 
assigned to an operational taxonomic unit using UNOISE2 in USEARCH (Edgar 2016b). 
This algorithm identifies OTUs differing by as little as a single nucleotide, and thus 
provides much higher resolution compared to standard OTU clustering methods where 
sequences are binned by similarity (i.e. the standard 97% similarity threshold). UNOISE 
also finds and removes chimeric sequences. We repeated analyses using merged, paired 
end reads clustered into OTUs at a 97% similarity threshold. The results obtained were 
qualitatively similar to those presented here. OTUs were assigned a taxonomic status 
using the SINTAX algorithm (Edgar 2016a) in USEARCH and the UNITE training set 
(accessed May 3, 2017; Kõljalg et al. 2005) Sequences of OTUs that were assigned to 
fungi with ≥ 80% confidence were used to query unfiltered reads. The number of reads 
that matched an OTU sequence at 100% similarity was summed to obtain counts for 
each OTU. To identify which OTUs were A. fulva we performed a BLAST (Camacho et 
al. 2009) search of all OTU sequences against the GenBank accession for A. fulva 
JX827264.1. OTUs matching this accession with a bit score of ≥200 were assigned to A. 
fulva (Woudenberg et al. 2013).  
 The ITS region can poorly discriminate among some Alternaria taxa 
(Lawrence et al. 2016), therefore it is possible that the A. fulva OTUs could 
include other Alternaria taxa. However, Pryor et al. (2009) report that the ITS 




which when taken together with the close match of GenBank accessions 
belonging to Alternaria fulva (100%) suggest that the OTU we call A. fulva is 
comprised of fungi within the Undifilum section of Alternaria. This taxonomic 
assignment is further supported by the abundance of reads from this OTU in our 
data and the correlation between the relative abundance of this taxon and 
swainsonine, both of which observations are supported by existing literature 
(Ralphs et al. 2008, Cook et al. 2011, 2013, 2014, Baucom et al. 2012). 
 The sequencing of a mock community of known fungi to determine the 
accuracy of OTU clustering has been recommended by some authors (Nguyen et 
al. 2015). Nguyen et al (2015) report that such a method helped them choose 
clustering thresholds that best recapitulated the richness of their mock 
community. While we acknowledge the benefits conferred by this approach, we 
did not employ it in this study because we were focused on relative differences 
among identically processed samples, as opposed to a comprehensive census of 
the total fungal community, which would have required the use of many 
additional primers. Moreover, given the regional scale of our sampling effort, 
and the unstudied nature of many fungal endophytes, building a mock 
community representative of our study system was not practical.  
 
Robustness of analyses to contamination 
 
During sequencing of spotted locoweed fungal endophytes, we simultaneously 




sempervirens) as part of an unrelated project (Harrison et al. 2016). By 
determining which OTUs could be recovered from both host taxa we could 
uncover and control for possible lab contaminants. This was a very conservative 
method for controlling for contamination. However, the weakness of this 
approach is that widespread generalist fungal endophytes could occur in both 
datasets, and they would be erroneously regarded as contaminants.  
 DNA extraction was performed in the same lab for both host taxa using 
the same methodology and equipment, but at different times. Amplification of 
ITS1 was performed by GSAF simultaneously for both taxa using identical 
methods. Then, we queried fungal OTUs from locoweed against forward reads 
from redwood using the usearch_global function of USEARCH (set at 
100% match). We found 76 OTUs in common to both datasets, however, of 
these, only one OTU was abundant in A. lentiginosus (12,412 reads; assigned to 
L. taurica, see main text). There was only a single read ascribed to this OTU 
from the redwood samples. Two other OTUs from A. lentiginosus that each had 
>1,000 associated reads also had very low read counts within the redwood data 
(2, and 85 reads, respectively). All other possible contaminants were present in 
low abundances (<300 reads, and in most cases less than 100 reads). Several 
hundred reads from the redwood dataset matched A. fulva, which could have 
been the result of inadvertent contamination, or an Alternaria taxon that occurs 
within redwoods. Given the low amount of possible cross-contamination, we 
suggest that our results are robust. However, to be sure, we repeated occurrence-




not repeat relative abundance analyses, because the possible contaminants were 
rare, and thus had negligible weight in those analyses. All analyses were 
qualitatively similar with the use of this restricted dataset and model p values 
remained robust. Since excluding possible contaminants did little to affect our 
results, and we could not rule out the possibility that these OTUs were 
widespread generalists, we chose to retain all OTUs in the analyses presented in 
the main text. 
 
Quantifying swainsonine concentration 
Swainsonine was extracted from foliar tissue using a modification of the method 
proposed by (Gardner and Cook 2011). Briefly, approximately 25–200 mg of dry 
foliar tissue was ground to a fine powder, weighed and extracted in 2% acetic 
acid for 18 h with constant agitation. Dry mass of tissue was not standardized 
among samples because for some samples the amount of tissue available was 
limited. Differences in mass among samples were accounted for during 
concentration calculations. Samples were centrifuged and an aliquot diluted into 
20 mM ammonium acetate. Extracts were analyzed using LC-MS/MS and 
swainsonine concentration quantified as per (Gardner et al. 2001). Swainsonine 
concentrations >0.001% dry weight can be detected using this method.  
 





RJAGS model specification used for hierarchical linear models of within 
population fungal dissimilarity, fungal diversity within an individual plant, 
Undifilum relative abundance, and swainsonine concentration. The model here is 
generalized to k model terms for i individuals nested within j populations. 
 
{for(i in 1:N){ 
 #N refers to total number of data points 
 response[i]~dnorm(alpha[i], tau.y) 
 
 alpha[i] <- mu[Sp[i]] +  
     beta1[Sp[i]]*term1[i]+ 
     beta2[Sp[i]]*term2[i]+ 
     beta3[Sp[i]]*term3[i]+ 
   . 
   . 
   . 
     betaK[Sp[i]]*termK[i] 
 }     
 tau.y ~dgamma(.01,.01) 
 
 for(j in 1:Nsp){ 
  #Nsp refers to the number of populations  
  beta1[j] ~ dnorm(beta1mu, beta1tau) 
  beta2[j]~dnorm(beta2mu, beta2tau) 
  beta3[j]~dnorm(beta3mu, beta3tau) 
    . 
    . 
    . 
  betaK[j] ~ dnorm(betaKmu, betaKtau) 
  mu[j] ~ dnorm(mumu, mutau) 
 } 
  
 beta1tau ~ dgamma(0.1,0.1)  
 beta2tau~dgamma(0.1,0.1) 
 beta3tau~dgamma(0.1,0.1) 
      . 
      . 
 betaKtau~dgamma(0.1,0.1) 
 
 mutau ~ dgamma(0.1,0.1) 
 beta1mu ~ dnorm(0,0.001) 
 beta2mu~ dnorm(0,0.001) 
 beta3mu~ dnorm(0,0.001) 
      . 
      . 
 betaKmu~ dnorm(0,0.001) 






This hierarchical approach allowed us to account for the nestedness of plants 
within populations and output estimates of the effect of predictor variables across 
individuals at each population. Modeling was performed using rjags v3-15 (Kruschke 
2014, Plummer 2015). Response variables were modeled using a normal likelihood 
function with mean defined by a linear function of predictor variables, and precision 
sampled from a gamma distribution with rate = 0.01 and shape = 0.01. Posterior 
probability distributions (PPDs) of beta coefficients were estimated at both hierarchical 
levels (across all populations and separately for each population). Across populations, 
PPDs for beta coefficients and intercept terms were determined using priors sampled 
from a normal distribution with mean = 0.1 and precision sampled from a gamma 
distribution with shape = 0.1 and rate = 0.01. These distributions were then sampled to 
estimate population specific beta coefficients. In this way we were able to use 
information from all populations to inform region-wide estimates, and, in turn, use this 
information to inform estimates within populations (for model specification see 
Supplemental Methods). PPDs were estimated using four Markov chain Monte Carlo 
(MCMC) chains with 50,000 iterations (and a 5,000 step burn-in; 100,000 MCMC 
iterations were used for models of within-population fungal community dissimilarity) 
and the output from every third iteration was saved. Chain convergence was assayed 
using the Gelmin-Rubin statistic, which compares within- and between-chain variation 
to determine if chains have converged in parameter space (upper confidence interval of 
point estimates <1.2 was deemed evidence of acceptable convergence). Certainty 
regarding a non-zero, directional effect of a model term was quantified as the proportion 
of samples greater than zero. Mean values of posterior probability distributions were 
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Table S1. Locations and nominal varieties of spotted locoweed (Astragalus 
lentiginosus) sampled. The number of individual plants from each population 
that were sequenced for ITS1 is shown.  








Pop 1 Nightingale 39.85889727 -118.9389528 kennedyi 20 
Pop 2 Smoke Valley 40.61240949 -119.7142394 floribundus 20 
Pop 3 Gerlach 40.72724337 -119.313891 floribundus 17 
Pop 4 Squaw Valley 40.75890779 -119.4879886 salinus 20 
Pop 5 Battle Mountain 40.47510161 -117.061517 macrolobus 18 
Pop 6 Volcano Mountain 40.78830627 -113.9753717 araneosus 15 
Pop 7 Hinckley 39.45430542 -112.8911878 araneosus 19 
Pop 8 Wah Wah 38.64698737 -113.6789872 araneosus 19 
Pop 9 Eskdale 39.0500726 -113.9570554 araneosus 18 
Pop 10 Lonely Road 39.42114203 -115.0952944 salinus 19 
Pop 11 Gabbs 38.90960081 -118.0426872 fremontii 20 
Pop 12 Gold point 37.43563126 -117.2788211 fremontii 18 
Pop 13 Big Dune 36.64917888 -116.5852638 variabilis 17 
Pop 14 Mesquite 36.83829689 -114.1155469 stramineus 20 
Pop 15 Lincoln Hwy 39.45574519 -116.993911 fremontii 16 
Pop 16 Bristlecone 37.38232683 -118.1845245 semotus 20 
Pop 17 Fish Slough 37.45721998 -118.4040102 piscinensis 8 
Pop 18 Mono lake 38.09325794 -119.0043339 salinus 20 
Pop 19 Sand Mountain 39.29110969 -118.4170761 kennedyi 20 
Pop 20 Hart Mountain 42.49449892 -119.6891027 lentiginosus 18 
Pop 21 Burns 43.55469813 -119.4092677 salinus 17 
Pop 22 Knoll Mt 41.55252368 -114.7858762 salinus 19 
Pop 23 Anaho Island 39.95771714 -119.5179743 kennedyi 18 


















Table S2. Results from Bayesian hierarchical linear models calculated at the scale of the individual plant. 
Response variables are shown in the first column, and subsequent columns are predictor variables. Values 
are point estimates of beta coefficients for each model term at the highest hierarchical level (across all 
populations) and are the means of posterior probability distributions. The proportion of samples of the 
posterior probability distribution above zero is shown in parentheses. This proportion is a measure of the 
certainty of a non-zero effect of a model term. Fungal diversity is the numbers equivalent for Simpson’s 
diversity.  
Response variable Vegetative Flowering Fruiting Swainsonine concentration 




Fungal diversity -0.22 (40.1%) -0.84 (9.4%) -0.07 (45.3%) – 0.14 (73.7%) -0.29 (14.2%) 
Richness (rarified) -1.92 (13.2%) -0.31 (41.0%) -1.90 (4.9%) -2.83 (0 %) – -0.44 (17.3%) 
A. fulva relative 


























Table S3.  Results from multiple regression of distance matrices of fungal communities at the between-population 
scale. Response variables are shown in the leftmost column, and in subsequent columns are predictor variables, 
which are distance matrices. Percentages are estimates of variance in the response variable explained. When an 
outlier population was removed plant size was no longer significantly supported. 













































































Table S4. Results from Bayesian hierarchical linear models calculated for within-population fungal 
community dissimilarity. Response variables are shown in the first column, and subsequent columns are 
predictor variables. Values are point estimates of beta coefficients for each model term and are the 
means of posterior probability distributions. The proportion of samples of the posterior probability 
distribution above zero is shown in parentheses: this percentage is a measure of the certainty of a non-
zero effect of a model term (larger percentages denote greater certainty of a directional effect). Within-
population dissimilarity was calculated using both normalized relative abundance (Hellinger distances), 








A. fulva relative 
abundance 
Plant size 
Within-population dissimilarity:  
relative abundance 0.232 (50.4%) 
-0.596 








	 	Fig. S1. Number of OTUs assigned to a particular fungal class at each 






















































































































Fig. S2. Boxplot of swainsonine concentration by Astragalus lentiginosus 
population and variety. Colors correspond with those in Fig. 1 (main 
text). Boxes show interquartile range with median marked. Whiskers 


















































Fig. S3 Effects of swainsonine presence or absence on 
average rarified fungal richness. Beta coefficients and 
p values are from the model shown in Table 1 in the 
main text, with a categorical variable characterizing 
swainsonine presence/absence being substituted for a 
continuous variable characterizing A. fulva relative 
abundance. Data are population averages. 
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1. Studies of herbivores and secondary consumer communities rarely incorporate a 
comprehensive characterization of primary producer trait variation, thus limiting our 
understanding of how plants mediate community assembly of consumers.  
 
2. We took advantage of recent technological developments for efficient generation of 
phytochemical, microbial, and genomic data to characterize individual alfalfa plants 
(Medicago sativa; Fabaceae) growing in an old-field, semi-naturalized state for 770 traits 
(including 753 chemical features). With a combination of random forest and structural 
equation modeling, we investigated the effect of variation in these traits on arthropod and 
fungal assemblages while accounting for plant genetic structure.  
 
3. We found that traits indicative of plant vigor, including size, percentage of stems that 
were flowering, and leaf area, were positively associated with arthropod richness and 
abundance. Most phytochemicals were, by comparison, poorer predictors, though several 
phenolic compounds were individually important. Plants with a higher proportion of 
flowering stems were hotspots of inter-trophic interactions with higher species richness 
of secondary consumers. The effects of many traits on plant-associated assemblages were 
best modeled as nonlinear functions incorporating threshold effects. Foliar fungal 
richness was not well predicted by our models, suggesting we have much to learn 
regarding the role of plant traits on phyllosphere fungi at small spatial scales.  
 
4. Our results support the need for characterization of multiple axes of plant phenotypes 
in studies of plant-arthropod-microbe communities, and demonstrate the value of modern 






The deterministic aspects of community assembly include “bottom-up” forces, whereby 
resource variation at lower trophic levels influences organisms at higher trophic levels, 
and “top-down” forces, whereby consumers affect the structure and productivity of lower 
trophic levels (Hairston et al., 1960; Hunter and Price, 1992). Community ecologists have 
long been occupied with studying the interplay between bottom-up and top-down forces, 
though much relevant theory has assumed functional equivalence among conspecific 
organisms (Hunter and Price, 1992; Bolnick et al., 2003, 2011). In the last half century, 
the ecological consequences of inter-individual variation have become more widely 
appreciated (Van Valen, 1965; Roughgarden, 1972; Violle et al., 2012), which has 
resulted in a vast literature demonstrating that interactions between producers and 
consumers are shaped by trait variation in the interactors. For instance, a staggering 
number of plant traits can affect arthropod herbivores, both directly through survival, 
reproduction or other aspects of performance (Strong et al., 1984; Denno and Mcclure, 
2012) or indirectly through mediation of predation or parasitism rates (Bukovinszky et 
al., 2008; Smilanich et al., 2009). However, for logistical reasons, most studies linking 
plant traits to the richness or abundance of primary and secondary consumers focus on a 
subset of plant trait variation, such as plant architecture or the concentrations of a 
particular class of secondary metabolites.  
 Because many plant traits covary and likely interact with one another to influence 
primary and secondary consumers (Johnson et al., 2009; Agrawal, 2011), long-standing 
hypotheses in the community ecology of plant-insect interactions will be most 
successfully tested by studies that take the most comprehensive approach possible to 
measuring plant traits. For example, the plant vigor hypothesis suggests that large, 
vigorous plants have richer and more abundant herbivorous arthropod assemblages 




covary with plant vigor (Table S1), which necessitates a multi-trait approach if one is to 
uncover the underlying traits that most affect consumers (e.g. plant size, flowering status, 
or shifts in phytochemical defenses), and understand how vigor may interact with other 
traits to influence herbivores or affect the strength of top down control. Beyond plant 
vigor and associated traits, we still have much to learn about other plant traits that 
potentially influence consumer assembly (Carmona et al., 2011). For instance, Barbour et 
al. (2015) assayed 40 plant traits known to influence herbivorous arthropods across 
clones of Salix. The authors found a significant marginal effect of genotype, despite the 
large number of traits surveyed, which points to the importance of unmeasured, 
genetically-controlled plant traits and highlights the complexity of the task facing 
researchers attempting to dissect plant-arthropod communities. This task becomes even 
more complex when applied to microbial consumers, as very little is known regarding 
how plant traits affect these organisms (e.g. Kembel and Mueller 2014; Kembel et al. 
2014), and few studies simultaneously address the affect of plant traits on both microbes 
and arthropods (Stout et al., 2006; Friesen et al., 2011; Tack et al., 2012). 
 Alfalfa has a number of features that make it an especially useful plant with 
which to investigate the reciprocity between plant trait variation and consumer 
assemblages. Alfalfa is cultivated throughout Western North America and has a diverse 
suite of associated organisms–often more arthropod species are associated with alfalfa 
than nearby native plants (Pimentel and Wheeler, 1973; Forister, 2009). While alfalfa 
fields encompass complex food webs, these webs are simpler than many unmanaged, 
natural systems, and both theory and empirical data suggests that both bottom-up and top-
down cascades are more likely in such communities (Polis and Strong, 1996; Schmitz et 
al., 2000; Halaj and Wise, 2001; Shurin et al., 2002; Letourneau et al., 2009). Alfalfa is a 
rich resource for arthropods in part because it associates with rhizosphere bacteria, which 




phytochemically diverse and well defended by a variety of triterpene saponins, phenolics, 
flavanoids, and other compounds that can affect insect herbivores (Oleszek, 1996; Sen et 
al., 1998; Dyer et al., 2013; Harrison et al., 2016). Alfalfa is also more genetically 
diverse than most crops as it is an obligate outcrosser and cultivars are multiparental in 
origin (Julier et al., 2000), which results in more phenotypic variation within alfalfa fields 
than is typical for monocultures.  
 We deconstructed the plant-arthropod-microbe community of a fallow alfalfa 
field in Northern Nevada, by thoroughly characterizing consumer assemblages as well as 
variation in 770 plant traits, including 285 mass spectrometry features from saponin 
compounds, 265 features from phenolic compounds, 203 features from unidentified 
metabolites, drought stress, and additional morphological traits, while controlling for 
plant genotypic variation (Table S1). Using these data, we asked the following questions. 
1) Which plant traits influence the richness and abundance of arthropod herbivores and 
foliar fungi? Previous studies linking herbivore richness and abundance to alfalfa traits 
report herbivore richness and abundance are negatively associated with plant defense 
traits (i.e. saponins; Agrell et al., 2003) and positively related to traits indicative of plant 
vigor (Dyer and Stireman, 2003; Pearson et al., 2008). It is less clear how drought stress 
may affect the associated arthropod community, as previous work has shown complex 
indirect effects of drought stress on arthropod interactions and, consequently, taxon-
specific, population growth rates (Barton and Ives, 2014), though we expect a generally 
negative response of consumers to plant stress (Huberty and Denno, 2004). We also 
asked, 2) how do the effects of plant traits or secondary consumers cascade up, or down 
(in the case of secondary consumers) the trophic chain? Previous work addressing this 
question with alfalfa has not found a cascading effect of variation in either saponin 
concentration, or alfalfa biomass on secondary consumers (Dyer and Stireman, 2003; 




were positively associated with herbivore richness, but that this did not affect alfalfa 
biomass. However, the possible cascading effects of secondary consumers on most alfalfa 
traits remain unstudied, as do possible reciprocal, bottom-up cascades. We investigated 
unidirectional cascades (top down or bottom up) and compared these simple models to a 
more complex, bidirectional model using a combination of a priori hypotheses and data-
driven model building. 
METHODS 
Study location and sampling strategy 
Fifty plants were selected randomly within a 100 m diameter circle in a fallow alfalfa 
field in Fallon, NV. This site is located in the Great Basin desert—an area characterized 
by cold winters and hot, dry summers. The field had not been irrigated since 2010, and no 
longer resembled a cultivated field: surviving alfalfa plants were heterogeneously 
distributed, and both native and exotic plants had invaded the open spaces. Arthropods 
were sampled from all fifty focal plants on July 10, 20 and August 3, 2015. For the first 
two sampling events we used a backpack style vacuum (~1 min per plant, with an effort 
made to sample the entire plant), and for the third sampling event (August 3) we used 
sweep netting (4 sweeps per plant; one sweep from each side of the plant). Sweep netting 
was not used throughout to avoid damaging plants, but was used for the final sampling 
event to dislodge arthropods that were resistant to capture. Arthropods from each plant 
were pooled across sampling events and identified to the lowest possible taxon (at least to 
family) and assigned to an ecological guild. We acknowledge that natural history 
knowledge is insufficient for some of the taxa we collected, which required us to assign a 
functional role based on the best available information for that taxon (e.g. Braconidae are 
typically parasites/parasitoids). Arthropod richness and abundance for each plant was 
obtained by summing observations across sampling events. Evenness of the community 




divided by the natural logarithm of the estimated number of taxa in a sample as output by 
the function specaccum in vegan (Oksanen et al., 2016). We did not perform analyses 
with arthropod diversity equivalents as a response variable, preferring to examine the 
underlying components of diversity. 
 To account for spatial autocorrelation, we calculated Moran’s eigenvector maps 
(MEMs) using the dbmem function of the adespatial package v0.0–7 (Dray et al., 
2016). The first MEM was extracted and retained in all analyses (see Supplemental 
Methods for details). 
Structural and phenological traits 
At the conclusion of arthropod sampling, plant volume was measured as the product of 
the plant’s maximum height and width, and width perpendicular to the widest portion of 
the plant. The number of flowering, fruiting, and vegetative stems was counted during the 
second sampling event. For three stems selected haphazardly from each plant we counted 
the number of inflorescences/infructescences and the number of peduncles. These sums 
were averaged across stems for a plant to give an index of its floral output. Area (cm2) of 
three leaflets from each stem (9 leaflets) was measured using ImageJ (Schneider et al., 
2012). These leaflets were weighed and specific leaf area (density) was calculated as leaf 
area divided by dry weight (Cornelissen et al., 2003). Leaf toughness was determined for 
five haphazardly chosen leaflets from each plant in the field using a penetrometer (very 
young or old leaves were avoided). Seed viability was determined through a tetrazolium 
chloride assay (Porter et al., 1947). 
Plant performance measurement 
Plant drought stress was measured for three stems per plant during each arthropod 
sampling event with a pressure chamber (Scholander et al., 1964). Leaves are placed 




until water bubbles from the stem. When a plant is water-stressed there is greater tension 
on the interior water column, so when a leaf is removed from a stressed plant water will 
be pulled further into the interior of the leaf compared to an unstressed plant. By 
measuring the pressure needed to push water back out of the leaf, overall drought stress 
can be measured. Measurements were taken between 11 a.m. and 3:30 p.m. These nine 
measurements were averaged to estimate short-term drought stress for focal plants. Long-
term drought stress was measured and analyzed separately using the d13C isotopic 
signature (relative to Vienna Pee Dee Belemnite), in 30mg of leaf tissue (including 
leaflets from three stems) (Farquhar et al., 1989). This method relies on the fact that d13C 
is discriminated against by enzymes involved in photosynthesis. The level of 
discrimination shifts depending on available CO2 in the leaf compared to the atmosphere 
with more d13C being fixed when there is less CO2 within the leaf. When stomatal 
conductance is low, water use efficiency is high, and CO2 is depleted within the leaf and 
more d13C is fixed. This then allows for inference of the ratio of transpiration to 
photosynthesis during growth of sampled tissue and an index of long-term drought stress.  
Foliar protein content was assayed using the Bicinchoninic acid assay (BCA; Pierce 
Biotechnology) with bovine serum albumin as a standard. Protein concentration was 
standardized by the mass of the original ground plant material (~30 mg dry tissue). We 
used the percent nitrogen in alfalfa foliar tissue derived from fixation alone (NDFA) as a 
proxy for the amount of symbiotic dinitrogen fixation in alfalfa (Högberg, 1997;  see 
Supplemental Methods). We were unable to obtain 13C/12C ratios for two focal plants, and 
nitrogen fixation activity for an individual plant. We used the rfimpute function in the 
randomForest package in R to impute values for these two missing data points to 
avoid omitting these plants from downstream analyses.  




Phytochemistry was assayed using an LC-MS approach (see Supplemental 
methods). Briefly, ~100 mg dried foliar tissue was extracted in 10 ml of 70% aqueous 
ethanol. Solvent and tissue were vortexed, sonicated for 15 m, centrifuged, and a 1 ml 
aliquot of supernatant filtered and injected onto an Agilent 1200 analytical HPLC, 
coupled to an Agilent 6230 Time-of-Flight mass spectrometer via an electrospray 
ionization source. Data output were processed using runLC in metaMS v1.6.0 (Wehrens 
et al., 2014). CAMERA (Kuhl et al. 2011) alignment was used to generate pseudospectra 
from features of similar m/z and retention time. This approach identifies and combines 
features from the same parent compound. The sum of all features assigned to a particular 
pseudospectrum was standardized by the area of the internal standard and by sample dry 
weight. Putative phenolics (200-400 ppm) and saponins (400-650 ppm) were identified 
using the relative mass defect (RMD) characteristic of each phytochemical family 
(Ekanayaka et al., 2015). These class-specific datasets were not converted into 
pseudospectra using CAMERA because we were interested in the individual contribution 
of moieties from compounds likely relevant for shaping arthropod communities. 
Intensities were summed after normalization for both phenolics, and saponins, to provide 
an estimate of the relative concentration of either class in a focal plant.  
Phytochemicals can interact additively or non-additively to influence plant-
associated biota (Richards et al., 2016). Representing phytochemical variation as a 
diversity equivalency allows for an exploration of the possible influence of chemical 
interactions on biotic communities (Marion et al., 2015; Richards et al., 2016). 
Accordingly, for each sample, we calculated the numbers equivalent of Shannon’s 
diversity index individually for saponins, phenolics, and unidentified compounds.  
Genotyping of focal plants 
A restriction endonuclease digestion approach (also known as genotyping by sequencing, 




variation among focal individuals (Gompert et al. 2012, Parchman et al. 2012; for a full 
description see the Supplemental Methods). Sequencing was performed on a HiSeq 2500 
(one lane; 1 x 100 bp) by the Genome Sequencing and Analysis Facility (GSAF) at the 
University of Texas. Sequences were aligned (231,973,765 reads) to a previously 
generated draft genome of M. sativa (Harrison et al., 2016) using bwa (Li and Durbin, 
2009). Variable positions within aligned contigs and genotype likelihoods at those 
positions were determined using the Unified Genotyper in GATK (DePristo et al., 2011) 
assuming a ploidy level of four (alfalfa is typically a tetraploid). This process generated a 
total of 43,920 single nucleotide variants (SNVs). Posterior probabilities for genotypes of 
each individual at each locus were determined by multiplying the genotype likelihoods 
output from GATK by the prior probabilities of each genotype assuming Hardy-Weinberg 
equilibrium and a maximum likelihood estimate of global non-reference allele frequency. 
The mean of this posterior distribution was used as an estimate of the genotype at that 
locus (Gompert et al., 2014, 2015). The genetic covariance matrix was decomposed into 
two principal components, which respectively explained 21% and 5% of variation in the 
data (no apparent structure was observed within these data, consistent with these plants 
being from a single population; this level of variation explained is expected for these 
data). These components were used as metrics of genetic structure within the population. 
We were unable to genotype five plants using these methods, consequently values for 
PC1 and PC2 were imputed for these five individuals using rfimpute as described 
above. Pairwise correlations between genotypic variation and plant traits were nearly 
identical when calculated without imputed data. 
Description of phyllosphere fungi 
Fungi occurring on three haphazardly chosen leaflets per plant were described using a 




sequence processing details). Dried tissue was removed from pressed specimens (three 
leaves from each) that were collected during late July before the final arthropod sampling 
event and stored at room temperature. Sequencing of the ITS1 locus was performed on 
the llumina MiSeq (2x 250bp) platform by GSAF. Sequences were processed using 
USEARCH v8.1.1831 (Edgar, 2010; Edgar and Flyvbjerg, 2015).  Reads were clustered 
into operational taxonomic units (OTUs) using a 97% similarity threshold. OTUs were 
assigned a taxonomic status using the UTAX software and the Warcup training set 
(Deshpande et al., 2016). Read counts for each OTU were normalized using the TMM 
method of the edgeR package (Robinson et al., 2010; Robinson and Oshlack, 2010). The 
numbers equivalent of Simpson’s diversity was calculated from these data; Simpson’s 
equivalency downweights rare taxa, which is useful for microbial data with many, rare 
taxa that are unlikely to be influential ecologically. Fungal richness was obtained by 
rarifying reads from each plant to 100 reads using the function rrarefy in vegan. This 
low rarefaction was necessitated by the recovery of few fungal reads from some samples. 
Analyses repeated with data rarified to 200 reads generated qualitatively similar results 
and are not discussed further. Fungal evenness was represented using the Pielou index. 
OTUs were assigned a putative trophic status, whether pathotrophic, symbiotrophic, or 
saprotrophic, using the FUNGuild database, (accessed March 2017; Nguyen et al., 2016) 
which makes use of taxonomic information to infer ecological function. While these 
functional assignments are hypotheses, they are generated from a training database with 
≥9000 entries and provide more ecological insight than sole reliance on taxonomic 
placement. 
Analysis of associations between plant traits and biota 
We used the random forest algorithm (Breiman, 2001) as implemented in the 




arthropod and fungal assemblages among plants. This algorithm can capture nonlinear 
relationships among predictor variables, and implicitly accounts for interactions (Wright 
et al., 2016). First a regression tree is grown using a subset of the data, while also only 
considering only a subset of the available predictor variables. The tree is grown by 
recursively splitting the data into groups (nodes) based on similarity of the response 
variable (mean value within the node). For continuous response data (regression style 
problems), the split is determined so that sub nodes have maximally reduced within-node 
variance as compared to variance of the parent node. The possible ways to split the data 
are the values of the predictor variables (for instance, different factor levels for a 
categorical predictor, or greater or less than a certain value for a continuous predictor). 
Choice of splitting variable is robust to multicollinearity because each variable is 
considered independently. Splitting continues until some pre-determined limit, for 
instance there are fewer than desired observations in the terminal node. Many such 
regression trees are grown and combined into a predictive ensemble (the forest). The 
performance of each tree is its ability to correctly predict the data withheld during tree 
growth. This withheld data is termed “out of bag” data (OOB). The performance of the 
ensemble is the average predictive ability of all trees. Prediction to OOB data provides 
very similar, but more conservative, estimates of model performance compared to 
growing the ensemble on a subset of the data and validating using withheld data 
(Breiman, 1996).  
To determine if a variable was influential beyond null expectations, a simulation 
approach was implemented using the Boruta package v5.2.0 (Kursa and Rudnicki, 
2010). Briefly, this method generates null predictor variables by permuting actual 
predictor variables and including these null variables in the model. If a predictor variable 
improves model performance more than null variables, then this supports a relationship 




recommendation of “confirmed”, “tentative”, or “rejected” for each variable regarding its 
possible importance. To account for possible instability in variable selection, we repeated 
this process 50 times for all models and used all variables classified in any model as 
“confirmed” in final model construction. Variable importance was determined by 
calculating the increased error in prediction to OOB data for each tree when permuting 
only the variable of interest and reanalyzing the data. These values were averaged across 
the ensemble to generate an index of variable influence while holding other variables 
constant. This allows variables to be ranked by contribution to model performance.  
We built models to predict richness and abundance of arthropod functional 
groups for which we had sufficient data, and for fungal richness and diversity (read 
counts are a poor proxy of fungal biomass, hence we did not use these data as metrics of 
fungal abundance). During model selection we considered all aforementioned z-
standardized predictor variables (a total of 785 variables; Table 1). Variables associated 
with the response as determined by Boruta simulation were extracted and used in a 
final model for each response variable. Models were grown to 3,000 trees, with a 
minimum of 5 observations in terminal nodes. One third of the predictor variables were 
considered during each splitting event (the recommended default for training random 
forests on continuous response data; Liaw and Wiener, 2002). The strength and 
directionality of association between the response and a particular predictor variable, and 
influential interactions among variables, was determined using partial plots output by the 
plotmo package, v 3.3.2 (Milborrow, 2016).  
Structural equation modeling of trophic cascades 
We used structural equation modeling (SEM) to test hypothesized relationships 
among plant traits and arthropod assemblages (Wright, 1921; Grace, 2006). Specifically, 
we tested for three hypothesized causal structures within our data, including a top-down 




model selection procedure involving constrained variable elimination from a base model 
(see below). SEMs were specified using the R package lavaan v0.5–18 (Rosseel, 
2012). 
During SEM model construction we used only those plant traits that were 
deemed influential by random forest models. We categorized these plant traits as 
belonging to one of three broad components of the plant phenotype: vigor, defense, or 
stress. Each of these components can be represented as a latent variable, which is itself 
unobservable, but which can be inferred from variation in the values of observable traits 
that indicate the unobservable, latent cause (Grace et al., 2010). A latent variable 
representing plant vigor was generated via a maximum likelihood factor analysis of plant 
size, percentage of stems flowering, floral density (avg. number of peduncles), specific 
leaf area (density), and average leaf area. Two factors were output from this analysis that 
respectively explained 28% and 22% of the variation in the underlying data. A latent 
variable representative of plant defense was generated through factor analysis (using the 
function factanal in R) of phenolic diversity, diversity of unidentified 
phytochemicals, and the most influential compounds (phenolics number 147, 263, 187, 
112, 8, and 7).  The two factors output explained 25% and 16% of the variation in the 
underlying data respectively (for loadings see Table S1). The only variable indicative of 
plant stress that was selected by the random forest algorithm was drought stress as 
measured by the nitrogen pressure bomb. This variable was not subjected to a factor 
analysis, but was instead included directly in SEMs. We did not perform factor analysis 
on residuals obtained from a regression of vigor and defense variables by plant 
relatedness (PCs of SNP data) or spatial autocorrelation (MEM) because neither of these 
latter variables were deemed influential by random forest models. All variables included 




To complement tests of causal structures hypothesized a priori, we took a data-
driven approach to SEM model selection by eliminating variables from a near-saturated 
model. The base model included reciprocal forcing between adjacent trophic levels (i.e. 
plant traits influenced herbivores, herbivores could influence both plants and secondary 
consumers, and the latter could influence herbivores). The causal structure of this model 
was constrained somewhat in that abundance was influenced by richness within a trophic 
level and not the converse, as is consistent with empirical evidence (Cardinale et al., 
2006). Additionally, since plant stress is likely to influence vigor and defense, and not the 
reverse, plant stress was an exogenous variable in our model. Non-significant paths were 
removed from the initial near-saturated model until Akaike’s information criterion (AIC) 
was minimized and a model with £ D3 AIC than the most supported model was not 
possible to construct, at which point, paths from plant traits to secondary consumer 
richness and abundance were considered. This was required because models that included 
these additional paths at the outset would not converge due to lack of power. Addition of 




We collected 18,306 arthropods from 157 morphospecies across the three collection 
events (Fig. 1). Of these, 42 morphotaxa were herbivores and 91 were secondary 
consumers (predators and parasitoids); we were unable to assign a trophic status to the 
remaining taxa because of insufficient natural history information. Secondary consumer 
richness was dominated by hymenopterans (31 taxa) and spiders (Araneae, 31 taxa), 
while Hemiptera dominated herbivore richness. The most abundant arthropods were 




 Sequencing of phyllosphere fungi generated 14,457 fungal reads and 78 OTUs. 
Comparison of taxa to the FUNGuild database suggested that assemblages were largely 
split between pathotrophs and saprotrophs (Fig. 1c). Relatively few taxa were classified 
as symbiotrophs. Most fungi were assigned to the Dothideomycetes (48 OTUs), a class of 
the Ascomycota.  
Medicago sativa phenotypic and genotypic variation 
Variation was observed among focal plants for all traits considered. We did not observe 
spatial autocorrelation for any focal trait (no significant correlation between traits and 
MEM; see “Spatial autocorrelation” in Fig. 2). Several traits were associated with our 
metrics of genetic structure, including nitrogen fixation rate (Spearman’s rank correlation 
with PC1; rho = 0.34, p = 0.02), leaf toughness (PC1; rho = 0.31, p = 0.03), and short 
term drought stress (PC2; rho = 0.29, p = 0.04). Short term drought stress was negatively 
correlated with plant size, leaf density, number of flowering stems and floral density 
(average peduncle abundance per stem) (Fig. 2), but positively correlated with leaf area. 
More vigorous, less stressed plants had higher concentrations of phenolic and saponin 
compounds and elevated phytochemical diversity (Fig. 2). 
Results from random forest analysis 
The random forest model of secondary consumer (natural enemy) richness 
explained 56.4% of the variation in out of bag (OOB) validation data (95% confidence 
intervals of explained variation are omitted here due to precision of estimates) while our 
model of secondary consumer abundance explained 47.2% of OOB (Fig. 3). Herbivore 
richness and abundance was more challenging to model; the best model of richness only 
explained 14.7% of OOB, and we were unable to generate a supported model of 
abundance while including the two most abundant herbivorous taxa: aphids and thrips. 
When excluding these taxa, we were able to explain 5.54% of OOB data. Modeling 




a supported model of either richness (rarified), or diversity (Fig. S1). Neither were we 
able to model the proportion of viable seeds as a function of arthropod communities and 
other plant traits. The same plant traits influenced the richness and abundance of both 
secondary consumers and herbivores, but the relative influence of these traits shifted 
depending on the group of organisms considered. For instance, drought stress and the 
number of flowering stems were more strongly associated with secondary consumer 
richness and abundance than herbivore richness (Fig. 3). In line with results from 
pairwise correlations, spatial autocorrelation and plant genotype were not influential 
predictor variables in any model. 
 While some phenolic compounds, and phenolic diversity, were important 
predictors in our analyses, defensive traits were typically less influential than structural 
and phenological traits. The directionality of effect of phenolic compounds varied–with 
some compounds negatively associated with arthropod richness or abundance and others 
positively associated.  
 When including either abundance, or richness (not shown) of an adjacent trophic 
level in models, variation explained typically increased by ~10-15% (Fig. 3). Moreover, 
for all models, features of the adjacent trophic level were selected as the most influential 
variable. For instance, herbivore abundance was the most influential variable in our 
model of secondary consumer richness (Fig. S1), and secondary consumer abundance 
was the most influential variable in models of herbivore richness (Fig. S3).  
 The partial plots output by random forest analyses show the varying effect size of 
a predictor on the response across values of the predictor (Fig S1–9). This visualization 
technique revealed that the effects of many predictors were modeled as nonlinear, 
including sharp thresholds demarcating variation in the effect of the predictor over its 
range (Fig. 4). A threshold effect was most notable for the influence of short-term 




were both greater on plants with higher water potential. Our model estimated that enemy 
abundance increased by approximately 20-30 individuals, and 3-4 taxa on less stressed 
plants, though viewing underlying data suggest these estimates are conservative (Fig. S1, 
S2).   
Guild specific results 
 Model performance was high for predator abundance (49.6% OOB) and richness 
(41.7% OOB), and parasite abundance (39.0%) and richness (41.8%) (Fig. S2). A richer 
and more abundant assemblage of predators was observed on larger plants with more 
flowering stems. Drought stress was a much more influential predictor variable in models 
of parasite assemblages than those of predator assemblages. The only herbivore guild for 
which we had sufficient data to construct a model of richness was suckers. Sucker 
assemblages were richest on plants with denser leaves (plants with the densest leaves had 
2-3 more taxa than other plants) that were larger, and had a higher diversity of phenolic 
compounds (Fig. S5). For all guilds considered, we did not observe consistent responses 
to phenolics or saponins. Instead, some compounds were positively associated with a 
particular guild, and others negatively associated. Drought stress was not significantly 
associated with fungal richness, but arthropod and fungal richness were associated (Fig. 
2). Guild specific models of fungal richness (e.g. saprotroph richness) were unsupported. 
Structural equation modeling of trophic cascades 
When found no support for SEMs linking plant traits to consumer richness and 
abundance through either bottom-up, or top-down forcing (Fig. 5ab). By contrast, a 
model incorporating bidirectional forcing between trophic levels was a good fit to the 
data (Fig. 5c). As predicted, vigor tended to have a positive effect on herbivore richness, 
which was tracked by secondary consumer richness and abundance. Our model did not 
support a suppression of herbivore abundance and richness by secondary consumers, in 




and negatively affected plant vigor and secondary consumer richness. The effect of stress 
propagated through herbivore richness to indirectly negatively influence enemy richness 
(product of path coefficients: -0.16, p = 0.06) and abundance (-0.08, p = 0.05). We also 
found an unexpected negative influence of herbivore richness on plant defense. Within-
trophic level richness was significantly associated with abundance for secondary 
consumers, but not for herbivores (though the directionality of effect was also positive). 
DISCUSSION 
We report complicated, bidirectional forcing that links variation in alfalfa consumer 
communities to variation in plant traits (Fig. 5c). For example, drought stress had a 
negative effect on traits indicative of plant vigor, and this effect propagated upwards to 
influence both herbivore and secondary consumer richness and abundance. The 
cascading, indirect effect of drought is particularly impressive given that omnivory and 
intra-guild predation are undoubtedly common occurrences in alfalfa fields (Snyder and 
Ives, 2001), which should render our SEM model conservative as the trophic chain it 
describes is more simplistic then the field’s true reticulated food web (Polis and Strong, 
1996; Hunter, 2009). Interestingly, the influence of drought was modeled as a nonlinear, 
threshold effect, which suggests that an ecologically relevant tipping-point exists between 
stressed and unstressed plants. While the threshold effect of drought was the most 
dramatic observed, we also uncovered nonlinear effects of many additional traits on 
arthropod assemblages (Fig. 4, Figs S1–9), which suggests that nonlinear relationships 
between plant traits and species richness and abundance at multiple trophic levels may be 
a widespread, but understudied, aspect of community assembly.  
A recent meta-analysis by Carmona et al. (2011) suggests that herbivore 
communities respond most strongly to life history traits of their host plants, such as size, 
and phenology, as opposed to, for example, individual defensive traits. Our results are in 




consumer richness and abundance was the percentage of stems that were flowering (Fig. 
3) followed by drought stress and plant size. Secondary consumer assemblages were 
dominated by predatory hemipterans, spiders, and putatively parasitic hymenoptera. Root 
(1973) suggested that parasitoids can increase in abundance when floral nectar is 
available as a resource, a hypothesis that has since received support from studies in a 
number of systems (Wäckers, 2004). It is also possible that many of the spiders and other 
predators we collected prefer to hunt on flowering plants, because of the availability of 
floral visitors as possible prey (Nelson et al., 2012). Our collection methods (vacuuming, 
sweep netting) were biased against highly mobile taxa such as pollinators, so it was not 
possible to gauge variation in pollinator abundance among focal plants, though it seems 
likely that pollinators were also more abundant on plants with more and denser 
inflorescences. Yet another possibility is that phytochemical changes characteristic of 
flowering plants attracted enemies. For instance, plant volatile profiles are known to shift 
over ontogeny (Barton and Boege, 2017), and floral volatiles have been shown to attract 
some parasitoids and predators (Shahjahan, 1974; Vinson, 1976; Price et al., 1980). Our 
chemical analyses were based on LC-MS and therefore were not suited to description of 
volatile organic compound variation among plants. Regardless of underlying 
mechanisms, our results suggest that when variation in phenology exists within an alfalfa 
population, the most vigorously-flowering plants are hotspots of inter-trophic 
interactions. Maintaining flowering plants in alfalfa fields could thus facilitate the 
attraction of a diverse predator and parasitoid assemblage desired for successful 
integrated pest management (Landis et al., 2000; Gurr et al., 2017).  
Interestingly, putatively-defensive traits were relatively poor predictors of 
variation in arthropod richness and abundance, with the exception that phytochemical 
diversity was generally positively related to arthropod richness (Fig. 3). Richards et al. ( 




specialization of different arthropods on Piper taxa with different suites of 
phytochemicals. Our results suggest that phytochemical diversity may facilitate arthropod 
richness at small spatial scales, namely within a plant. Indeed, from the vantage point of 
an arthropod, a single plant is a vast mosaic of habitat differing in suitability. 
Phytochemistry can vary within individual alfalfa plants (Agrell et al., 2003), and we 
hypothesize that such inter-individual heterogeneity is a possible driver of the 
phytochemical diversity we observed because we pooled leaves from several different 
stems for our LC-MS based analyses (pooling phytochemically different tissue should 
increase phytochemical diversity in the final sample). If phytochemical diversity does 
indeed reflect within-plant variation, then this should cause an increase in the niche space 
associated with an individual plant, thus facilitating richness of associated arthropods. 
Alternatively, perhaps plants with higher phytochemical diversity were themselves 
drawing on a greater diversity of resources (e.g., soil nutrients) and were thus a better 
resource for arthropods adapted to feeding upon alfalfa–a hypothesis supported by the 
positive correlation we observed between plant size and phytochemical diversity (Fig. 2). 
In contrast to the effect of phytochemical diversity, neither summed concentrations of 
saponins, nor phenolics were useful predictors in any analysis. However, individual 
phenolic compounds were both negatively, and positively (depending on the compound), 
associated with variation in arthropod richness and abundance (Fig. 3), which suggests 
that detailed analytical chemistry that facilitates parsing of compounds within a class is 
required to accurately determine the influence of secondary metabolites on arthropod 
assemblages (Poelman et al., 2009).  
 We were not able to link variation in plant traits or arthropod assemblages to 
variation in fungal richness using the random forest algorithm (Fig. S2), which suggests 
we have much to learn regarding the drivers of variation in fungal assemblages among 




observe a significant positive pairwise correlation between fungal richness and the 
richness and abundance of arthropods, particularly secondary consumers and sucking 
herbivores (Fig. 2). It is unclear if this correlation is because of direct interactions 
between fungi and arthropods (e.g. insects as vectors [Malloch and Blackwell, 1992]; or 
growth of fungi on aphid honeydew [Dickson and Whitham, 1996]) or is due to indirect 
interactions with the plant (e.g. influence of either insects, fungi, or both on the plant 
immune response; Pieterse and Dicke, 2007). It is also possible that certain plant traits 
(e.g. size, Fig. S10) similarly influence plant colonization by both arthropods and fungi. 
In any case, this result points toward the need for manipulative studies of the plant 
microbiome to better understand drivers of variation in microbial assemblages and how 
that variation may influence plant-insect interactions.  
Conclusions 
Our results confirm the value of combining a comprehensive characterization of plant 
traits with machine learning techniques to shed light on classic ecological questions. This 
approach let us observe the complex, nonlinear ways in which plant traits influence 
consumer assemblages. We found that traits indicative of plant vigor were much better 
predictors of consumer richness and abundance compared to plant defensive traits, and 
that the influence of drought stress could cascade upwards through two trophic levels. 
Despite decades of interest, there is still much to learn regarding the assembly of 
organisms into plant-associated communities, particularly for microbes. Our results 
suggest that a possible way forward is an expansion of focus from characterizing how a 
particular phenotypic axis of plants (e.g. defense, vigor) affects community structure to 
an examination of the consequences of interactions between multiple axes of the plant 
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Fig. 1: Location of focal plants and the abundance, richness, and functional 
composition of biotic assemblages on each plant. Points in bullseye plots are 
scaled proportionally to magnitude of richness/abundance. Color-coded bar plots 
denote proportion of total biota comprised of members of a particular guild. (a) 
arthropod richness; (b) arthropod abundance; (c) fungal richness (rarified).  
 
Fig. 2. Correlation matrices of plant traits and plant-associated biota (upper right), 
and among biotic guilds (lower left). Integers in each cell are Spearman’s rank 
correlation coefficients multiplied by 100 for visualization. Significant negative 
correlations are shaded red and positive correlations are blue. Unsupported 
correlations are not shaded. Genotype PC1 and PC2 refer to components output 
from a principal component analysis of genotype likelihoods at 43,016 SNVs. 
Diversity of phytochemistry, including saponins and phenolics, is represented as 
the numbers equivalent for Shannon’s diversity. Phytochemical diversity refers to 
diversity of unidentified compounds only. See main text for details regarding 
other traits. 
 
Fig. 3. Variable importance plots from random forest analysis of plant traits on 
secondary consumer and herbivore richness and abundance (top row). The bottom 
row depicts results obtained when including biotic interactions into the model 
(herbivore abundance in models of natural enemies; secondary consumer 
abundance in models of herbivore richness). Variables are listed in descending 
order of importance. Percentages shown for each model are the proportion of 




main text for details). The x axis of each plot describes the decrease in model 
performance when omitting a particular variable (increase in mean squared error, 
MSE); larger values denote more influential variables. Arrows, or curved arcs, 
denote direction of the relationship between the predictor and response variables 
with arcs denoting a hump-shaped effect. Models of herbivore abundance were 
unsupported and are not shown. 
 
Fig. 4. Selected two-way interactions between predictor variables that influenced 
secondary consumer (abbreviated as enemy) richness (a) and abundance (b), and 
herbivore richness (c) as determined from a random forest analysis of variable 
influence. The response variable is not z-standardized to aid interpretation, but the 
predictor variables are standardized.   
 
Fig. 5. Path diagrams of structural equation models testing hypothesized 
relationships among plant traits, herbivores, and secondary consumers 
(abbreviated as enemies). Paths with an arrow have positive coefficients, while 
those ending with a bullet have negative coefficients. Dashed paths were not 
significant (coefficients not shown). Vigor and defense are latent variables each 
represented by two factors, hence in some cases there are two path coefficients 
from those variables to other predictors. Model a) depicts a top-down cascade, 
where the influence of secondary consumer abundance on herbivore richness 
influences plant vigor and defensive capacity. A bottom-up cascade is described 
by model b), where plant vigor and defense influence herbivore richness and 




through a data driven model selection approach (see main text for details). The 
indirect paths from plant stress through herbivore richness to enemy abundance 











































































































































* p <0.1; **p <0.05; *** p <0.01 
	








Community ecologists have long considered the context-dependency inherent to 
our science as a drawback, at best rendering predictive ecology challenging, and, 
at worst, precluding the elucidation of useful ecological generalities (Lawton 
1999). Accordingly, ecologists have typically have dealt with the complexity of 
the natural world by making simplifying assumptions when developing theory, or 
through limiting the variation encompassed in observational studies. For example, 
when attempting to understand which plant traits influence arthropod herbivores, 
the ecologist may focus on one axis of the plant phenotype (e.g. chemical 
defense), or, when developing theory, the ecologist may assume ecological 
equivalence among conspecifics (Bolnick et al. 2003). This approach has led to an 
abundance of excellent case studies, and a plethora of hypotheses and theoretical 
frameworks that seek to explain some aspect of community ecology (e.g. Stamp 
2003, Vellend 2010). However, a deep insight into how the natural world works 
that allows prediction in the face of novel ecological contingencies has remained 
elusive. This is a challenge that must be resolved if conservation goals are to be 
met and ecosystem functionality maintained as the earth warms, habitat is lost, 
and biodiversity is threatened (Simberloff 2004).  
The work presented in this dissertation, particularly Chapter Four, 
represents an attempt to embrace ecological complexity and, by so doing, 
generate opportunity for inference. For instance, by characterizing focal plants in 
terms of 770 phenotypic traits and surveying associated consumer communities, 




and model the non-linear ways in which plant traits affected consumers. This 
approach led to well-performing models and inferences, particularly regarding the 
threshold effect of drought, that may not have been possible if we had used a less 
comprehensive approach.  
More generally, every chapter of this dissertation supports the idea that 
intraspecific variation in host plants can act as ecological filters affecting 
assembly of associated biota. Chapter One highlighted how variation in alfalfa 
plants could affect performance, and oviposition preference of the Melissa blue 
butterfly which could in turn result in varying colonization of alfalfa patches. 
Chapter Two illustrated how intraspecific variation, and even intra-individual 
variation, in redwood trees could affect foliar fungal communities. Chapter Three 
paired a regional perspective with intensive local sampling to show that 
intraspecific variation in locoweed plants affects associated fungal endophyte 
communities. And, finally, Chapter Four showed how variation among proximal 
alfalfa plants, particularly in terms of plant condition, could affect arthropod 
richness and abundance on those plants. Each of these studies has strengths and 
weaknesses, but, when considered together, they make a compelling case for the 
filtering effect of intraspecific plant trait variation and the need to incorporate 
observation or manipulation of multiple axes of the plant phenotype in studies of 
plant-insect-microbe interactions. 
There are considerable logistical challenges associated with such a 
thorough approach. However, these challenges are becoming more manageable as 




(Narum et al. 2013, Lindahl et al. 2013, Goodwin et al. 2016). Indeed, by pairing 
multiple datasets from these high-throughput approaches (e.g. metabolomics, 
genomics) with modern machine learning techniques, community ecology is 
poised to become a much more predictive science.  
Beyond prediction, such approaches should dramatically improve our 
empirical knowledge regarding how organisms interact and the consequences of 
those interactions for populations, communities, and ecosystems. This in turn 
should lead to improved theory development. For instance, over the last few 
decades much progress has been made regarding the theory of community 
assembly through incorporation of intraspecific variation into existing 
frameworks (Bolnick et al. 2011, Violle et al. 2012). Such an approach was 
motivated by empirical observations that intraspecific variation has community-
wide consequences (the community genetics literature; Whitham et al. 2003, 
Crutsinger et al. 2006, Crutsinger 2016). Undoubtedly, as data available to 
community ecologists grows in complexity, additional insights will be generated 
and theory will be refined.  
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